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Abstract
Bioethanol is a form of plant-based ethanol that presents an alternative to petroleum
liquid transport fuels that is renewable, can be sourced from politically stable regions of
the world and will generate employment and development opportunities in rural commu-
nities. In order to mitigate concerns that fuel crops could replace or compete with food
crops, second generation bioethanol produced from lignocellulosic biomass is preferred.
Agricultural residues (i.e. waste products), such as sugarcane bagasse, are an abundant
lignocellulosic bioethanol feedstock.
The ethanol is produced by fermenting simple sugars such as glucose or xylose. Glucose is
obtained by enzymatically hydrolysing the cellulosic component of the feedstock cell wall.
However, within the cell wall, the cellulose is coated in hemicellulose and tethered to a
lignin matrix, which significantly inhibits enzymatic attack. Consequently, a prehydrol-
ysis step is necessary to improve glucose conversion. Acid pretreatment hydrolyses the
hemicelluloses to produce xylose and subsequently improves the accessible surface area of
the cellulose.
This thesis presents a mathematical model of the dilute acid hydrolysis process used to
pretreat lignocellulosic biomass for bioethanol production. The model aims to capture the
reaction kinetics of hydrolysis, account for the porosity evolution of the fibrous material
due to hemicellulose solubilisation, reproduce experimentally obtained yield curves and
elucidate the optimal reaction conditions for maximum xylose production. Three distinct
size scales are inherently linked to these aims: the cell wall scale at which the chem-
istry occurs; the laboratory scale where experimental acid pretreatment data is predomi-
nantly collected; and the reactor scale where hydrolysis must be optimised for commercial
bioethanol production.
The model development begins at the cell wall scale, where we identify three unknown
rate parameters. Since xylose yield cannot be measured at this microscopic scale, these
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rate parameters cannot be determined, and instead qualitative bounds are predicted for
dimensionless ratios that arise from non-dimensionalisation of the model. This model is
then adapted for the laboratory scale, with changes made to the model formulation to
account for the new bagasse “fibre” domain. On this scale, yields of xylose, xylooligomers
(xylobiose to xylohexaose) and furfural were obtained experimentally, and the model
was calibrated against this data to determine the unknown parameters through fitting.
Comparison between the fibre model and the laboratory scale experimental xylooligomer
yields suggested that an additional unknown “hard-to-hydrolyse” parameter was needed
to account for the biphasic kinetics of acid hydrolysis. The modified model performed
well when reproducing the experimental results; in particular the yields of xylose and
short-chain xylooligomers such as xylobiose.
The model less accurately predicts reactor scale hydrolysis data. Hypotheses are presented
to account for this occurrence: experimental error and incomplete and/or limited reactor
datasets; mass transport concerns specific to the reactor scale; and limitations of the
model formulation or estimated parameters. An investigation into the latter possibility
is conducted in the form of a sensitivity analysis and series of numerical experiments as
informed by the earlier comparison of the model to reactor scale data. Two experimental
pathways aimed to address potential sources of error are proposed as a result of this
investigation.
KEYWORDS: Pretreatment; Hemicellulose; Dilute acid hydrolysis; Sugarcane bagasse;
Mathematical modelling; Kinetics; Hard-to-hydrolyse; Biphasic; Polymer degradation;
Population balances; Parameter fitting
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Chapter 1
Introduction
Vehicles capable of running on ethanol or ethanol-gasoline blends have existed since the
late 1800s. Their common usage continued through to the end of the first World War,
after which gasoline became the predominant liquid transport fuel as it was the cheaper
commodity (Kovarik, 1998; Solomon et al., 2007). Interest in ethanol as a fuel resurged in
Brazil in the 1970s, and now more than 90% of the new cars sold in Brazil are able to utilise
pure ethanol or gasoline ethanol blended fuels (Solomon et al., 2007; SugarCane.org, 2015).
Furthermore, in the United States, health and environmental concerns regarding the use
of leaded gasoline saw renewed interest during the 1990s for ethanol as an alternative
octane booster for use in ethanol-gasoline blends (Solomon et al., 2007).
Fuel ethanol obtained from plant biomass is called bioethanol. According to the 2014
Australian Energy Update (Ball et al., 2014), the transport sector is one of the country’s
primary energy users, consuming 1545 petajoules (PJ) of net energy in the 2012-2013
period. This accounted for 26.3% of Australia’s net energy consumption, second only to
electricity generation which accounted for 27.6% of the total energy generated. The use of
biofuels as a renewable energy technology has experienced a 24.2% growth over the past
ten years in Australia, however, in 2012-2013 biofuels made up only 3.8% of Australian
renewable energy consumption, despite raw biomass contributing 55.9% of Australia’s
renewable energy consumption. The global outlook on biofuel output is much more posi-
tive. In 2013, Australia only manufactured 0.6% of the total amount of biofuels produced
world-wide. By contrast, countries such as the United States and Brazil (the world’s top
biofuel producers), created 43.5% and 24.2% of the total world supply, respectively (BP,
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2014). Therefore, there is a somewhat underutilised market for bioethanol production in
this country.
There are many motivations for considering ethanol as a promising substitute for tra-
ditional fossil based fuels. The non-renewable nature of petroleum fuels make them a
limited resource and it has been estimated that the production of conventional oil will ex-
perience limited growth in the future and may have ceased entirely by 2100 (Mohr et al.,
2015). The use of petroleum has been flagged as a significant source of carbon dioxide
emissions, which has in turn contributed to global climate change (Goldemberg, 2007;
Yang and Wyman, 2008a). The threat of global warming and subsequent concern for
levels of carbon dioxide gas in the atmosphere have made cleaner biofuel products, such
as bioethanol, a desirable developing technology. The Australian National Greenhouse
Accounts indicate that gasoline used for general transport has a CO2 emission factor of
66.7 (kg CO2−e GJ
−1), whereas bioethanol and biodiesel share CO2 emission factors of
zero (Department of the Environment, 2014).
Furthermore, petrol also presents social and political difficulties. Since crude oil reserves
are gradually declining, more product must be sourced from politically volatile countries,
which in turn has the potential to impact upon supply and petrol prices (Yang and
Wyman, 2008a). Therefore, there are typically three main concerns surrounding the
continued use of petroleum as the primary source of liquid fuel: the finite amount of
this resource; the impact producing and burning petrol has on the environment; and
that there is little security in the continued supply of this resource, with the subsequent
impact instability has on the commodity price (Goldemberg, 2007; Limayem and Ricke,
2012; Sarkar et al., 2012; Wyman, 1994; Yang and Wyman, 2008a).
Adopting bioethanol as a fuel source can address each of these three disadvantages.
Firstly, the biomass from which bioethanol is produced is a renewable resource and con-
sequently the supply is not finite and is only limited by the ability to obtain biomass
either by farming specific energy crops or using existing lignocellulosic waste products.
Politically, biofuels also help to dissipate monopolies over fuel resources and provide a
source of transport fuel that is more prevalent and evenly distributed world-wide (Nigam
and Singh, 2011; Yang and Wyman, 2008a). Bioethanol also has the capacity to support
job development and economic prosperity, particularly in rural communities (Limayem
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and Ricke, 2012). In 2014, the US bioethanol industry generated 83,949 jobs and $10.3
billion in tax revenue (Renewable Fuels Association, 2015). Furthermore, biofuels are
considered to be a more environmentally-friendly alternative to petroleum. Use of corn
bioethanol instead of gasoline has been shown to reduce carbon dioxide emissions by
34%, since the growth of the crops from which the biomass is harvested helps to capture
carbon dioxide from the atmosphere (Nigam and Singh, 2011; Renewable Fuels Associ-
ation, 2015; Wyman, 1994). Ideally, bioethanol should be manufactured in a way that
ensures or surpasses carbon neutrality (Granda et al., 2007). However, determining the
gross environmental impact of bioethanol use is difficult since all aspects of the entire
production process from “crop to car” must be considered. This is known as a life cycle
analysis or life cycle assessment (LCA) (Granda et al., 2007; Lisboa et al., 2011). Morales
et al. (2015) conducted a review of sixty existing life cycle assessments of lignocellulosic
bioethanol production from a variety of feedstocks. Morales et al. found that common to
these studies were the conclusions that lignocellulosic bioethanol produced a reduction in
green house gas (GHG) emissions compared to fossil fuels, and that the extent of this dif-
ference was a function of biomass type and the ethanol-gasoline blend proportion. They
further investigated the ratio of biofuel energy output per unit of fossil fuel energy input
used in the production of bioethanol, and found that this metric was universally greater
than one for the sugarcane feedstocks studied and generally greater than one for second
generation bioethanol. However, outside of GHG emissions it must be noted that other
beneficial and unfavourable environmental outcomes can be observed (especially when
agricultural practices such as fertiliser usage are considered in the LCA), but these are
less well characterised. This is an active area of research (Lisboa et al., 2011; Morales
et al., 2015; von Blottnitz, 2007).
Bioethanol can be produced by the fermentation of sugars, such as glucose, obtained
from plant crops. The type of biomass chosen as the feedstock determines whether the
resultant bioethanol is classified as 1st (starches or sugars), 2nd (lignocellulosic biomass),
or 3rd generation (algae), respectively (Nigam and Singh, 2011). The prominence of 1st
generation bioethanol evokes concern that crops (or croplands) otherwise intended for
human or animal food production may be redirected for fuel manufacture (Harvey and
Pilgrim, 2011; Nigam and Singh, 2011). Therefore, it is often preferred that these sugars
are obtained by breaking down, conventionally via enzymatic hydrolysis, the cellulosic
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material that remains in plant cell walls of lignocellulosic waste products. Agricultural
residues are a popular choice since they are cheap and readily available (it is the nature of
agricultural waste to be replenished with each crop harvest or milling event) (Sarkar et al.,
2012). In Australia, sugarcane bagasse is a plentiful waste product of the sugar industry
and is a highly prospective source of biomass for bioethanol production. Consequently
sugarcane bagasse is the feedstock of interest in this thesis.
Sugarcane bagasse is resistant to enzymatic attack due to the complex and impenetrable
structure of the cell wall, and thus some form of pretreatment is generally required to
improve digestibility of the cellulosic fraction (Alvira et al., 2010; Chang and Hotzapple,
2000). One such pretreatment is acid hydrolysis, which primarily removes the hemicellu-
losic component of the biomass thus improving the accessibility of the cellulosic substrate
(O’Hara et al., 2011; Sun and Cheng, 2002). The hydrolysis of sugarcane bagasse primar-
ily produces the pentosan sugar xylose (Gı´rio et al., 2010). This xylose can be collected
and cofermented with the glucose obtained from enzymatic hydrolysis to further enhance
the yield of bioethanol obtained (Lawford and Rousseau, 2002; Mohagheghi et al., 2002).
Alternatively, xylose can be used to create other commercial products such as xylitol (Mo-
hamad et al., 2015). Consequently, maximising the yield of xylose obtained from the acid
pretreatment of sugarcane bagasse is a priority not only for improving the digestibility
of biomass for enzymatic hydrolysis, but also as a means of capitalising on value-adding
commercial xylose products such as xylitol, or hemicellulosic bioethanol.
A drawback of pretreatment, however, is that it contributes substantially to the overall
cost of bioethanol production (Chandra et al., 2007; Yang and Wyman, 2008a). In order
to make pretreatment and thus bioethanol production more efficient, we need to under-
stand the chemical mechanisms of acid hydrolysis and how these chemical processes are
affected by the variables that determine the severity of the pretreatment such as residence
time, acid concentration and reaction temperature. To this end, a mathematical model for
the dilute acid pretreatment of sugarcane bagasse (and lignocelluloses in general) is pre-
sented in this thesis. Model parameters are calibrated against experimental data (where
available) and the predictive capabilities of the model are investigated. The specific aims
and objectives of this thesis are outlined in Section 1.1.
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1.1 Aims
This thesis is concerned with mathematically modelling the dilute acid pretreatment of
lignocellulosic biomass, particularly sugarcane bagasse. The aims of this work are also
aligned with the overarching endeavour of optimising pretreatment efficiency in order to
enhance the commercialisation potential of bioethanol as an alternative to non-renewable
transport fuels. These aims can be achieved by realising the following series of four specific
objectives.
Objective 1: Develop a mathematical model to describe the dilute acid hy-
drolysis of hemicellulose within the cell wall of lignocelluloses, in particular
sugarcane bagasse.
Dilute acid pretreatment is used to make the cellulose within the cell walls of plants
more amenable to enzymatic hydrolysis. This is primarily achieved by the removal of
hemicelluloses that bind the cellulosic material, and the accompanying increase in porosity
caused by the solubilisation of hydrolysed hemicellulose chains. Consequently, the key
reactions of acid hydrolysis are occurring within the cell wall and we aim to develop a novel
model on this scale in order to characterise in detail the chemistry of the acid hydrolysis
reaction. I doing so, we develop a model that incorporates both reaction-diffusion kinetics
and the evolution of the cell wall porosity due to solubilisation of hemicellulose chains. In
the absence of experimental data at this scale, a sensitivity analysis of the model coupled
with numerical experiments investigating ratios of key model parameters will be used
to determine approximate bounds on the fitting parameters in order to try to address
inconsistencies in fitting parameter values observed in the literature.
Objective 2: Obtain laboratory scale oligomer yield profiles, develop a fibre
scale model of acid pretreatment that accurately reproduces the experimental
results, and predict reaction conditions for optimal xylose production.
The cell wall model does not allow for validation against experimental data due to its
microscopic size scale. Consequently, we aim to develop a novel fibre scale mathematical
model that incorporates the same chemistries as the cell wall model but that exists within a
domain comparable to laboratory scale acid hydrolysis experiments. Such a model enables
unmeasurable parameters (such as reaction rate constants) to be calibrated against the
experimental yield profiles through parameter fitting. Experimental yield profiles will be
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obtained across a range of different chain lengths, temperatures and residence times in
order to develop a comprehensive dataset to constrain this fit. If the model is able to
reproduce a good fit to the experimental data, the predictive quality of the model will be
tested and the optimal reactor conditions that maximise the xylose conversion capacity
of dilute acid hydrolysis will be speculated upon.
Objective 3: Investigate the applicability of the fibre model at a reactor scale.
Ultimately, developing models in order to inform optimal reactor conditions for en-
hanced hemicellulose hydrolysis is of particular value in increasing the efficiency and
cost-effectiveness of pretreatment for the commercialisation of bioethanol. However, most
models are only validated against bench-top laboratory scale experimental data due to the
significant infrastructure, energy and resource demands incurred in scaling up the exper-
imental program to an industrial scale. Therefore, it is important to compare laboratory
and reactor scale experimental outcomes, and investigate the utility and limitations of a
model calibrated to laboratory scale data at the industrial scale. To this end, the predic-
tive capabilities of the fibre scale model outlined previously will be tested at the reactor
scale.
Objective 4: Address inconsistencies in parameter interpretation evidenced
in the literature
In the case of dilute acid pretreatment, fitting of certain model parameters is necessary
since they cannot be determined experimentally (this is particularly true for rates of
reaction). However, there are many factors that can affect the accuracy and outcomes of
parameter fitting, and hence it is important that the resultant parameters are carefully
interpreted and not ascribed meaning that is unsubstantiated by experimental findings.
If it is desired that the fitting parameters should represent (as well as is possible) the true
chemical mechanisms underpinning hydrolysis, it is important to recognise how these
parameters are influenced by the formulation of the model. In this thesis we will develop
numerical and parameter fitting experiments to investigate the accuracy of parameters
determined from fitting, and attempt to resolve adequate constraints on the fitting process
so as to characterise physically meaningful parameters. To this end, an extensive, versatile
dataset will be obtained experimentally.
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1.2 Contributions
The aims and research objectives outlined in Section 1.1 have been addressed by the novel
contributions detailed below.
Contribution 1:
A mathematical model of cell wall acid hydrolysis is presented in this thesis, that combines
polymer degradation equations, solubilisation of aqueous chains, mass transport, and the
time evolution of the cell wall porosity in a novel way with minimal unknown (fitting)
parameters. The polymer degradation equations describe the acid hydrolysed scission
of the hemicellulose chains in the cell wall in detail with each chain length explicitly
accounted for, and hence the model captures a very broad scope of inputs, varying in
space, time and chain length. Consequently, solubility is able to exhibit chain length
dependency, and it is this solubilisation of short chain xylooligomers that results in a
phase change that increases the porosity of the material. Volume averages were used to
provide the framework for calculating these porosity changes and diffusion accounts for
the mass transport effects. The versatility of the model is unique for the very limited
number of fitting parameters present, and the ability to predict the yield of any chain
length with only three (or later four) unknown parameters is highly valuable at larger size
scales where experimental data is available and these parameters are determined through
a parameter fitting process. Unlike other models that introduce many new parameters for
each chain length studied, the minimal number of parameters here reduces the degrees of
freedom in the fit which produces more accurate and meaningful parameters as a result.
Contribution 2:
A laboratory scale experimental program was implemented where sugarcane bagasse fi-
bres were hydrolysed in a DionexTM Accelerated Solvent Extractor with 0.5% (w/w)
H2SO4 at 110
◦C, 125◦C, 140◦C, 155◦C, and 170◦C. From these experiments, compre-
hensive timeseries of xylooligomer (chain length 2-6), xylose and monomer yields were
obtained. Previously, polymer degradation equations have been found unable to success-
fully reproduce experimental xylan and xylooligomer acid pretreatment yields (Lloyd and
Wyman, 2003). In this thesis, a model of the dilute acid hydrolysis of a sugarcane bagasse
fibre is developed to represent the reaction of the conglomeration of fibres in the experi-
mental reactor (a 66 mL DioniumTM cell loaded with 5g of bagasse). As per the model
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outlined in Contribution 1, the new fibre model also combines population balances, diffu-
sion and porosity evolution (now in cylindrical coordinates), however, it also introduces
a “hard-to-hydrolyse” parameter in order to approximate the biphasic kinetics observed
experimentally by Kobayashi and Sakai (1956) believed to be caused by some inherently
recalcitrant attribute of the sugarcane bagasse.
Unlike previous models, this model was able to both accurately reproduce our experimen-
tally determined xylose yield curves and also produce a reasonably good fit to short-chain
xylooligomer and furfural yields. Achieving this good correlation between the model and
experimental results using population balances and fitting only three unknown rate pa-
rameters and one unknown structural parameter is a novel result. Experimenting with
the parameter fitting also showed that the absence of xylooligomer yields as fitting con-
straints returned false parameter values and hence the model was used to infer a better
methodology of obtaining more accurate fitting parameters. The fitting parameters ob-
tained were used in the model to predict xylooligomer yields at high temperatures where
the experimental results were distorted by the initial heat up time of the hydrolysis re-
action vessel. The results appeared promising, and hence the model was used to further
predict the optimal operating temperature and residence times to maximise the xylose
yield. This highlights one of the particular motivations for developing predictive models,
namely, to further examine hydrolysis behaviours at high temperatures when experimental
data collection may become limited; or to be able to cycle through a vast range of oper-
ating conditions to find those optimal for hydrolysis without having to conduct further
experimentation.
Contribution 3:
The fibre scale model was used to predict reactor scale experimental data obtained from
the literature and experiments conducted at Queensland University of Technology’s Pilot
Plant, located at Racecourse Mill in Mackay. In the literature, laboratory scale models
and experiments are often used to inform reactor scale conditions (due to the convenience
and accessibility of bench-top research compared to reactor scale experimentation). How-
ever, for the first time we attempt to formalise the accuracy of these deductions. The
model that had previously fit well to laboratory scale data, was found to be unable to
reproduce the reactor scale yields. This suggests that care should be taken when using
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laboratory scale models to predict optimal reactor scale operating conditions, and that it
is important to investigate experimental pilot scale outcomes when scaling up acid hydrol-
ysis technologies from the laboratory to an industrial scale. However, such investigations
may be inhibitively expensive and require access to resources that are not available to
many.
It was apparent that the fibre model consistently over predicted the reactor scale yields.
This was potentially attributed to inaccuracies in two of the fitting parameters. A sensi-
tivity analysis was conducted and a laboratory scale experimental program was proposed,
which if implemented, may contribute to improving the accuracy of the parameters in
question. In this way, the model was used to inform new potential experimental path-
ways that in turn may improve the efficacy of the model. Importantly, the experimental
program resolved by the model is to be conducted at the laboratory scale and hence the
model has been used to propose a potential laboratory scale (and hence more achievable)
solution to the lack of data at the reactor scale. Therefore, it is suggested that the true
utility of such models is not only to describe observed experimental results but also to help
elucidate datasets of interest that may be feasibly obtained in a cost effective manner.
Contribution 4:
Examples from the literature have been identified where inconsistencies in the kinetic
parameters of acid pretreatment are evident, or where these parameters may not physically
represent the underlying chemistry of the acid hydrolysis processes being modelled. Many
such problems arise due to the popularity of kinetic models which often contain many
unknown rate parameters.
Throughout the modelling work presented in this thesis, every attempt has been made to
reduce the parameter space of the fitting exercise given the experimental data available.
We have been able to show that failing to sufficiently constrain the fit leads to inaccuracies
in the parameters obtained, and hence we have been careful to obtain a comprehensive
experimental dataset for restricting the parameter space of our model. We have demon-
strated that introducing a broad scope of fitting criteria (such as different oligomer yields)
produces more accurate fitting parameters. Consequently, it is suggested that introducing
even more oligomer yield profiles as fitting constraints (including solid yields) would likely
improve the accuracy of these results further as suggested in Contribution 3.
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These research contributions have been conveyed in the form of published papers as
indicated in Section 1.3.
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1.3 Thesis Outline
This thesis explores the mathematical modelling of dilute acid hydrolysis across three
distinct size scales, from the cell wall to the fibre scale, through to a commercial reactor
scale. In Sections 1.1 and 1.2, the aims and contributions of this work have been outlined.
Chapters 2 through 5 of the thesis are presented in whole or in part as a series of publica-
tions. Four publications have resulted including two journal articles, a conference paper,
and a book chapter. The relevant author contribution statements are inserted before each
chapter.
In Chapter 2 the necessity of dilute acid pretreatment is motivated by the complex struc-
ture of plant cell walls and the chemical and physical characteristics that impede the
ability of enzymes to convert cellulose to the glucose substrate for bioethanol produc-
tion. The chemistry of acid hydrolysis is described and the existing acid pretreatment
mathematical modelling literature is reviewed.
For this chapter, the associated reference is:
Greenwood, Ava A., Farrell, Troy W. and O’Hara, Ian M. (2015c). Mathematical
Modelling of Xylose Production from Hydrolysis of Sugarcane Bagasse. In O’Hara, Ian
and Mundree, Sagadevan (Eds) Sugarcane Based Biofuels and Bioproducts, Manuscript
accepted by editors.
The novel modelling contributions begin in Chapter 3 where a model of dilute acid pre-
treatment is formulated to describe the acid hydrolysis of hemicelluloses inside the cell
wall of sugarcane bagasse. In the absence of measurable acid hydrolysis data at the mi-
croscopic scale, the model could not be validated against experimental outcomes. Instead,
the sensitivity of the non-dimensionalised model to small variations in four dimension-
less parameters was investigated, and subsequently, approximate constraints on these
parameter values were formulated. The model presented in this chapter provides a strong
foundation for a fibre scale model that is of a suitable size scale to make comparisons
between model outcomes and experimental data.
For this chapter, the associated reference is:
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Greenwood, Ava A., Farrell, Troy W. and O’Hara, Ian M. (2013). Understanding mild
acid pretreatment of sugarcane bagasse through particle scale modeling. Biotechnology
and Bioengineering, 110(12), 3114-3125.
Chapter 4 extends upon the work of the previous chapter by modifying the model to
describe acid hydrolysis across a sugarcane bagasse fibre. The hydrolysis of a single fibre
is representative of the total hydrolysis of the conglomeration of fibres present in the
laboratory scale reaction vessel. The unknown parameters in this fibre model are cali-
brated by fitting to the experimentally determined xylooligomer yield profiles, and the
predictive capabilities of the model are investigated. Furthermore, the utility of a param-
eter that characterises some structural quality of hemicellulose recalcitrance (deemed the
“hard-to-hydrolyse” parameter) is outlined.
For this chapter, the associated reference is:
Greenwood, Ava A., Farrell, Troy W., Zhanying, Zhang and O’Hara, Ian M. (2015a).
A novel population balance model for the dilute acid hydrolysis of hemicellulose. Biotech-
nology for Biofuels, 8(26).
In Chapter 5 the predictive capability of the model developed in Chapter 4 is tested
against reactor scale data obtained both internally and from the literature. Potential
explanations for discrepancies in the utility of the model between the different size scales
are postulated and a further experimental program is recommended to address these
incongruities.
For this chapter, the associated references are:
Greenwood, Ava A., Farrell, Troy W., Zhanying, Zhang and O’Hara, Ian M. (2015b).
Limitations of a laboratory scale model in predicting optimal pilot scale conditions for
dilute acid pretreatment of sugarcane bagasse. In Bruce, Robin (Ed.) Proceedings of 37th
Australian Society of Sugar Cane Technologists Conference, Bundaberg, QLD.
Greenwood, Ava A., Farrell, Troy W. and O’Hara, Ian M. (2015c). Mathematical
Modelling of Xylose Production from Hydrolysis of Sugarcane Bagasse. In O’Hara, Ian
and Mundree, Sagadevan (Eds) Sugarcane Based Biofuels and Bioproducts, Manuscript
accepted by editors.
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Finally, Chapter 6 summarises the research conclusions of the thesis and reiterates the re-
lationship between these outcomes and the initial aims of the study. Avenues for potential
future work are also identified.
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Chapter 2
Background and Literature Review
In this chapter, we present the relevant background information regarding the motivations
behind and chemistry of dilute acid hydrolysis as a pretreatment technique for enhanced
bioethanol production. The techniques currently employed to mathematically model di-
lute acid pretreatment are reviewed, and gaps in the current modelling literature are
identified that will be addressed in this work.
2.1 Bioethanol Production
Bioethanol is produced by the fermentation of simple sugars. These simple sugars can
be obtained through the normal milling processes that are implemented to commercially
produce sugar as a commodity. However, doing so can create competition for land and
resources between food crops and dedicated energy crops which must be prevented. There
are two primary avenues of research aimed at negating this problem: Firstly, the crops
may be able to be genetically modified to produce a lignocellulosic material that returns
greater ethanol yields at a reduced cost (Abramson et al., 2013). By increasing the pro-
ductivity of the bioethanol manufacturing, the equivalent amount of crop land required
to farm these feedstocks is less than if the biomass were in its natural state. Alternatively,
sugars can be sourced from existing underutilised products such as agricultural residues
like sugarcane bagasse, which were typically considered as waste or low-value by-products
of other industrial processes. The benefit of this approach is that these waste products
can be transformed into valuable commodities while reducing the need for or offsetting
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the cost of waste disposal or storage strategies. However, the disadvantage of using agri-
cultural residues is that the sugars exist as polysaccharides within the plant cell wall, and
hence these materials must undergo some procedure to convert the hemicellulosic and
cellulosic polysaccharides to their simple monomer sugars. Figure 2.1 indicates some of
the additional stages of production that may be required when more complex feedstocks,
such as lignocellulosic biomass are used as the source of fermentable sugars. Although
the additional complexity of this process leads to an increase in the cost of bioethanol
production, this can is somewhat counteracted by the cheaper price of the starting mate-
rial (the feedstock). There is also scope to reduce the price of bioethanol production by
optimising the operation of the processing technologies.
Raw biomass
feedstock
Pretreatment
Enzymatic
Hydrolysis
Fermentation Bioethanol
Figure 2.1: Simplified process sequence for the production of lignocellulosic bioethanol.
The sugars released from the saccharification of lignocelluloses can be five carbon sugars
(pentoses) or six carbon sugars (hexoses). The predominant pentosan monosaccharide
produced from agricultural residues is xylose, and the primary hexosan sugar obtained
is glucose. Glucose can be fermented to ethanol by microbes such as yeasts and bacteria
including Escherichia coli, Zymomonas mobilis, and Saccharomyces cerevisiae (Limayem
and Ricke, 2012; Olsson et al., 2005). Likewise, yeasts such as Pichia stipitis and Can-
dida shehatae can be used to ferment xylose to ethanol (Hinman et al., 1989; Olsson
et al., 2005). Cofermentation of both species is an area of considerable interest, since this
would significantly increase the yield of ethanol obtained across a wide variety of feed-
stocks. It has been found that cofermentation can be facilitated by recombitant strains of
the Zymomonas mobilis and Saccharomyces biocatalysts (Krishnan et al., 1999; Lawford
and Rousseau, 2002; Mohagheghi et al., 2002). This provides a streamlined pathway for
optimised whole biomass conversion to ethanol. Fermentation may occur after sacchar-
ification (Separate Hydrolysis and Fermentation, SHF) or simultaneously (Simultaneous
Saccharification and Fermentation, SSF).
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Polysaccharide Saccharification and Biomass Recalcitrance
There are two established pathways to achieving saccharification of celluloses and hemi-
celluloses within the cell wall, acid hydrolysis or enzymatic hydrolysis. Since cellulose
is a crystalline material, acid hydrolysis of cellulose is typically conducted with strong
acid since dilute acid does not produce equivalently high yields, and requires high oper-
ating temperatures which promote the formation of degradation products (Olsson et al.,
2005). Concentrated acid hydrolysis, however, introduces new practical difficulties since
the reagent is corrosive (and thus specialist non-corrosive equipment is necessary) and
downstream processes are required to recover the strong acid. Consequently, enzymatic
hydrolysis is typically the preferred method of cellulose saccharification since it can be
conducted at mild conditions which also reduces operating costs (Sun and Cheng, 2002).
Enzymatic hydrolysis is used to break down the cellulose microfibrils into smaller oligomeric
and simple sugars for fermentation. It has been found that using a combination of enzymes
is the most successful method to undertake hydrolysis, as this results in a synergistic re-
lationship (Mansfield and Meder, 2003; Zhou et al., 2009b). The typical enzymes used
are exoglucanases, endoglucanases and cellobiases, which are responsible for hydrolysing
exterior, interior and cellobiose bonds, respectively (Zhou et al., 2009b).
Figure 2.2: Schematic of the distribution of cellulose (blue) and hemicellulose (green) inside plant
cell walls. Plant Cell Wall Diagram c© Mariana Ruiz Villarreal [Public Domain]
http://commons.wikimedia.org/wiki/File%3APlant_cell_wall_diagram.svg.
An understanding of the structure and composition of plant cell walls is crucial to ex-
amining the inherent resistance of cellulose to enzymatic hydrolysis. A schematic of the
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cell wall is depicted in Figure 2.2. The three main components of the cell wall are cel-
lulose, hemicellulose and lignin (not pictured) which form an interlinking lignocellulosic
matrix. The relative proportion of cellulose, hemicelluloses and lignin within the cell
wall varies between plant species. In bagasse, cellulose is the dominant component com-
prising approximately 35-50% of the dry weight. Hemicelluloses and lignin account for
approximately 25-30% and 18-28% respectively (Chen et al., 2011; de Avila Rodrigues
and Guirardello, 2008; O’Hara et al., 2011). Each component performs an important role
in the cell wall: cellulose provides structure to the cell and acts as a load bearer (Olsson
et al., 2005), hemicellulose forms linkages between the cellulose fibrils (aggregates of lin-
ear cellulose chains that are held together by hydrogen bonding) creating an interlinked
network that strengthens the cellulose scaffold (Albersheim et al., 2011; O’Hara et al.,
2011; Olsson et al., 2005; Scheller and Ulvskov, 2010), and lignin provides the cell wall
with rigidity (Hopkins and Hiiner, 2004; Mason et al., 2011).
Each of these components is structurally very different: cellulose is primarily a linear, crys-
talline polymer due to its ability to form considerable inter- and intra-molecular hydrogen
bonds. Glucose is the singular monomer unit of cellulose. Alternatively, hemicelluloses
cannot be quantified in terms of a single monomer, since the term hemicellulose encapsu-
lates a large number of constituent polysaccharides. However, the principal base unit of
hemicellulose in sugarcane bagasse is xylose (Klemm et al., 1998; Scheller and Ulvskov,
2010; Wyman et al., 2004). Hemicelluloses are branched, amorphous polymers that form
a monolayer coating around the exterior of cellulose microfibrils (Albersheim et al., 2011;
O’Hara et al., 2011; Olsson et al., 2005; Scheller and Ulvskov, 2010). Lignin is made up of
three different base units p-hydroxyphenyl, guaiacyl, and syringyl, known as monolignols,
that are distributed with no ordered structure. Chemically, lignin is rather different to
cellulose or hemicellulose as the monolignols are aromatic rather than alicyclic compounds
(Albersheim et al., 2011; O’Hara et al., 2011).
Because of its rigid, crystalline composition, cellulose is not readily susceptible to en-
zymatic attack. Furthermore, enzymes are large compared to most chemical reagents,
and hence the complicated interlinking structure of the cell wall can sterically hinder
the hydrolysis process. Lignin also binds competitively with the cellulases (Chang and
Hotzapple, 2000; Mansfield and Meder, 2003; Olsson et al., 2005). Consequently, there
are several key biomass properties that can inhibit the enzymatic hydrolysis of cellulose:
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2 the crystallinity index of the cellulose
2 the degree of polymerisation (DP) of the cellulose
2 lignin concentration
2 hemicellulose concentration
2 acetyl concentration (acetyl groups form part of the branched hemicelluloses).
Consequently, reducing the crystallinity or DP of cellulose and removing other cell wall
constituents prior to enzymatic hydrolysis enhances conversion of cellulose to glucose.
This introduces an additional step into the bioethanol manufacturing process, known as
pretreatment (as per Figure 2.1).
2.2 Pretreatments
Pretreatment aims to make the raw biomass feedstock more amenable to enzymatic hy-
drolysis while maximising the yields of value-adding by-products and limiting operational
costs. In order to meet these aims, it is generally acknowledged that pretreatment should
attempt to satisfy the following criteria:
2 hydrolyse hemicellulose with minimal sugar losses to degradation products, espe-
cially minimising those degradation products that inhibit downstream hydrolysis
and fermentation
2 require minimal reagent quantities
2 enhance cost effectiveness due to modest reactor size and limited heat and electricity
demands
2 does not require fine biomass particle sizes
2 able to create valuable co-products
in addition to producing highly digestible cellulose (Mosier et al., 2005; O’Hara et al.,
2011; Sun and Cheng, 2002; Yang and Wyman, 2008a).
Numerous types of pretreatments have been investigated that address different aspects of
biomass recalcitrance by increasing the accessible cellulose area/material porosity, cellu-
lose decrystallisation, removing hemicellulose, and removing/structurally altering lignin
(Alvira et al., 2010; Mosier et al., 2005; O’Hara et al., 2011). These pretreatments rely
on a variety of different reagents and mechanisms to improve the biomass substrate for
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enzymatic hydrolysis and hence fall under four general classifications: physical, physio-
chemical, chemical or biological. A number of articles in the literature have extensively
reviewed pretreatment technologies and the reader is directed to Alvira et al. (2010);
Mosier et al. (2005); Olsson et al. (2005); Sun and Cheng (2002); Wyman et al. (2009);
Yang and Wyman (2008a) for a more detailed analysis of leading pretreatment technolo-
gies including steam explosion, liquid hot water (autohydrolysis), ammonia fibre explosion
(AFEX) and other ammonia based pretreatments, lime, and dilute acid. Each of these
technologies address a different combination of the factors affecting biomass recalcitrance
and hence each method has its own unique advantages and disadvantages. Mosier et al.
(2005) proposed that the development of comprehensive models for each pretreatment
technology would facilitate an efficient comparison of the different technologies in order
to select the best pretreatment option and control parameters for any given biomass.
Dilute acid hydrolysis is the pretreatment considered in this thesis. Although dilute acid
does pose some potential difficulties in terms of the generation of some inhibitory byprod-
ucts and degradation products, it has remained one of the most popular pretreatment
techniques (Limayem and Ricke, 2012). This is because dilute acid effectively hydrolyses
hemicelluloses, increases the accessible surface area of the cellulose, alters the structure
of lignin, and is relatively easy to implement (Alvira et al., 2010; Limayem and Ricke,
2012; Mosier et al., 2005).
At the molecular level, acid hydrolysis describes the acid catalysed cleavage of bonds that
occur with the addition of water. In cellulose, these bonds are the β(1 → 4) glycosidic
bonds that link β-anhydroglucose monomer units together. Likewise, in hemicelluloses,
acid hydrolysis cleaves the bonds that join the various monomer units. Hemicelluloses
are solubilised favourably compared to the cellulosic material since acid hydrolysis is
more effective on amorphous materials (Sannigrahi et al., 2008; Wyman et al., 2004).
Experimentally, the outcome of the acid hydrolysis process is that a significant portion
of the hemicellulose is converted to pentose sugars and soluble oligomers, some remains
in the solid material and some is reacted further to form degradation products such as
furfural (depending on the experimental conditions) (de Avila Rodrigues and Guirardello,
2008; Sannigrahi et al., 2008; Sun and Cheng, 2002; Wyman et al., 2004). Some of the
amorphous cellulose may also be extracted in the liquid fraction.
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Figure 2.3: Reaction mechanism of acid hydrolysis
Since pretreatment can be expensive, it is imperative that mathematical models of acid
hydrolysis are utilised as tools to help predict optimal reactor conditions, and implemented
as a means by which to gain better insight into the chemical and physical mechanisms
underlying hydrolysis.
2.3 Kinetic Models of Hemicellulose Acid Hydrolysis
As with any reactive process, kinetic models are favoured when modelling dilute acid
hydrolysis since they aim to represent the actual chemical interactions occurring during
the course of reaction. Here the evolution of kinetic modelling of hemicellulose hydrolysis
is discussed.
The Saeman Kinetic Model
In 1945, Saeman (1945) studied the kinetics of high temperature (> 170◦C), dilute acid
hydrolysis of cellulose in a variety of wood species, particularly milled Douglas fir sawdust.
Saeman proposed that saccharification of wood is a consecutive two-step process where the
reaction proceeds such that cellulose is first hydrolysed to produce monomeric reducing
sugars (in this case glucose), which are in turn decomposed into degradation products.
The model exhibits first order dependence upon the sugar concentrations. Although
originally conceived in the context of cellulose degradation, this kinetic pathway has
since been adapted to describe the kinetics of hemicellulose hydrolysis as demonstrated
in Scheme 2.1.
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Hemicellulose
k1−→ Xylose kd−→ Degradation Products
Scheme 2.1: The Saeman kinetic model (1945)
The system of differential equations that results from the Saeman kinetic model is given
by
dCH
dt
= −k1CH
dCX
dt
= k1CH − kdCX
dCD
dt
= kdCX
where CH , CX and CD represent the concentrations of hemicellulose, xylose and degrada-
tion products, respectively. The rate of hemicelluloses scission is described by k1, and kd
represents the rate of xylose degradation. An advantage of the simplicity of this model, is
that the differential equations can be solved analytically to produce a closed form solution
for xylose concentration of the form
CX = C
0
H
k1
kd − k1
(
e−k1t − e−kdt
)
. (2.1)
where C0H is the initial concentration of hemicellulose, and the rate constants k1 and kd are
functions of temperature, T (K), as per Arrhenius kinetics, and the concentration of acid
CH+ (%). The existence of such a solution is convenient for making prompt comparisons
between the model and experimental results and cursory xylose yield predictions.
However, the elementary nature of the Saeman reaction pathway also gives rise to a
number of limitations, namely that the model does not account for the formation of
oligomers, and it assumes that all hemicellulose reacts at the same rate and hence 100%
hydrolysis of hemicellulose is possible at all reaction severities given a sufficiently long
residence time. As such, the model has been found to overestimate yields and has been
deemed ineffective when applied to more complex and recalcitrant materials such as less
refined biomass (Zhao et al., 2012).
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The Easy-to-Hydrolyse and Hard-to-Hydrolyse Model
In 1956, Kobayashi and Sakai conducted a study into the prehydrolysis of hardwood under
dilute acid conditions. They experimentally observed two distinct rates of hemicellulose
hydrolysis, one faster than the other, and concluded the existence of two hemicellulose
classes each exhibiting first-order kinetics undergoing simultaneous hydrolysis. This dis-
covery gave rise to the biphasic model of hemicellulose hydrolysis depicted in Scheme
2.2.
Fast-hydrolysing hemicellulose
k
1
Xylose
k 2
Slow-hydrolysing hemicellulose
kd
Degradation products
Scheme 2.2: Kobayashi and Sakai’s biphasic reaction scheme (1956).
It follows that the system of differential equations that describe the biphasic model are
given by
dCF
dt
= −k1CF
dCS
dt
= −ksCs
dCX
dt
= k1CF + k2CS − kdCX
dCD
dt
= kdCX
where CF and CS represent the concentrations of fast and slow hydrolysing hemicellulose,
respectively. Now k1 is the rate of scission of the fast hydrolysing hemicellulose portion
and k2 is the rate of scission of the slow to hydrolyse hemicellulose fraction. Like the
Saeman model before it, this equation system can be solved analytically to obtain an
expression for the xylose concentration, namely,
CX = A
∗e−k1t +B∗e−k2t − (A∗ +B∗)e−kdt (2.2)
where
A∗ =
k1
kd − k1C
0
F , and B
∗ =
k2
kd − k2C
0
S ,
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assuming that the initial concentration of monomers is zero (i.e. CX(0) = 0).
This model has shown significant promise in accurately reproducing xylose yields and
consequently has been pervasive in the literature (Jacobsen and Wyman, 2000; Lavarack
et al., 2002; Maloney and Chapman, 1985; Zhao et al., 2012).
The biphasic model can be simplified by making the assumption that the slow to hydrol-
yse phase reacts so slowly compared to the fast hydrolysing phase, that it does not appear
to undergo hydrolysis, rendering the rate of hydrolysis of the “slow” hemicellulose, k2,
effectively zero. Consequently, k2 → 0, C0F = αC0H and C0S = (1− α)C0H , where α repre-
sents the portion of hemicellulose susceptible to hydrolysis within the total hemicellulose
fraction. These simplifications reduce equation (2.2) to
CX =
k1
kd − k1αC
0
H
(
e−k1t − e−kdt
)
(2.3)
which is clearly a modified form of Equation 2.1. Such a simplification may seem unnec-
essary since the biphasic model is not in itself complex, however, this assumption may
prove to be advantageous when a more complicated degradation mechanism is used to
describe hemicellulose acid hydrolysis.
Equation 2.3 has been used extensively in the literature, although in some instances α is
referred to as the potential hydrolysis degree hd (Zhao et al., 2012). Aguilar et al. (2002);
Bustos et al. (2003); Zhang et al. (2011b) found that Equation 2.3 was able to produce a
good fit to experimental xylose yields across a range of conditions, namely, 100-128◦C with
2-6% HCl, 110-128◦C with 2-6% H2SO4, and 150-180◦C with 0.2-0.6% HNO3 respectively.
Although Bustos et al. showed that this model produced a better fit to the experimental
yields than the Saeman model, their results show that this was not by any significant
margin, and that the coefficient of determination, r2 (which determines the goodness of
fit), still showed a good correlation between the Saeman model and the data. It is noted
that in Bustos et al. (2003), the rate parameters for xylose degradation and furfural
production, that heretofore been considered the same parameter, kd, were calculated
separately and were not in agreement. The reasoning behind this may have been to suggest
that significant degradation products other than furfural exist. These findings were not
consistent with the results of Aguilar et al. (2002); Zhang et al. (2011b), who determined
that the yields predicted by the Saeman model (equation 2.1) were inconsistent with
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their experimental data. All three studies did however find that α is dependent upon the
reaction severity, although the functional form of α(T,CH+) has yet to be determined
(Zhao et al., 2012). Furthermore, Zhao et al. proposed that the relationship between α
and the reaction conditions further supports the conclusion that the Saeman model is not
sufficiently detailed as to capture the kinetics of biomass acid hydrolysis.
The biphasic model was created as a response to experimental observations. Lavarack
et al. (2002) claimed that no chemical or physical basis had yet been identified to explain
the phenomenon of easy and hard to hydrolyse fractions within bagasse. Others have
speculated as to the source of this apparent hemicellulose recalcitrance. Perhaps the
most popular explanation is that hemicellulose-lignin linkages reduce the accessibility of
regions of the hemicellulose substrate (Carrasco and Roy, 1992b; Conner, 1984a). Zhao
et al. (2012) also proposed that lignin and uronic acid could hinder xylan hydrolysis,
but further suggested that mass and energy transport throughout the complex layered
structure of the plant cell wall could be preventing regions of hemicellulose from being
hydrolysed.
Importantly, the standard Saeman and biphasic models do not consider the formation
and subsequent degradation of xylooligomers during dilute acid hydrolysis. Maloney
et al. (1986) reported that the rate at which solubilised xylooligomers are hydrolysed
is much faster than the rate of xylan hydrolysis. Consequently, they concluded that
xylooligomers could be excluded from the kinetic pathway without adversely affecting
the accuracy of the resultant model. Also, when these studies were conducted, it was not
possible to compare oligomer profiles to experimental data since xylooligomers of different
degrees of polymerisation were indistinguishable, making the experimental measurement
of xylooligomers in solution infeasible (Bhandari et al., 1984). However, with modern
technologies, xylooligomer yields are able to be measured in the hydrolysate (Kumar and
Wyman, 2008; Novozymes, 2012; Samaya et al., 2012; Yang and Wyman, 2008b), and
the validity of the relatively fast rate of xylooligomer hydrolysis has been questioned
(Jacobsen and Wyman, 2000).
In order to address these discrepancies, an additional term can be added to the biphasic
model such that the fast and slow portions of hemicellulose form an oligomeric intermedi-
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ate, before the oligomers hydrolyse to produce xylose (Conner and Lorenz, 1986; Garrote
et al., 1999; Jacobsen and Wyman, 2000; Zhao et al., 2012).
More recently, models have been developed where the kinetics of the hydrolysis of short-
chain xylooligomers such as xylose, xylobiose, xylotriose, xylotetraose, and xylopentaose
are modelled explicitly (Hosseini and Shah, 2009; Kumar and Wyman, 2008; Lau et al.,
2014). As per the Saeman and Kobayashi and Sakai models, these xylooligomer models
rely on a first order dependence on the xylooligomer concentrations. Such models were
able to reproduce experimental short-chain oligomer profiles to some extent, however Lau
et al. (2014) found that their model underpredicted monomer yield, and Hosseini and Shah
(2009) predicted an unrealistically high furfural yield. It must be noted that these models
require a large number of kinetic parameters. In fact, for each additional oligomer length
considered, at least one new rate parameter is added to the system and the overall number
of unknown parameters grows considerably. This is problematic, since the rate constants
of hemicellulose hydrolysis are not able to be measured and thus must be obtained through
parameter fitting. An increase in the number of fitting parameters leads to greater degrees
of freedom in the potential parameter space, which may diminish the robustness of the
parameters obtained particularly if the existence or uniqueness of the parameters are not
physically motivated. Overfitting may result in diminished predictability and portability
of a model and its outcomes (Hawkins, 2004).
The Polymer Degradation Equation
Perhaps a more efficient way to characterise the fragmentation of polymers into their
oligomeric constituents due to scission events is to use the polymer degradation equation.
The discrete polymer degradation equation was introduced by Simha in 1941 to describe
the depolymerisation of long chain polymers. This model characterises the production
and degradation of polymers of every possible chain length. The model encapsulates the
cumulative effects of scission events along the polymer chain. The scission reaction can be
described by the chemical balance demonstrated in Scheme 2.3 such that polymer chains,
Pi (s) + H
+
(aq)
k Pi−j (s) + Pj (s) + H+(aq)
Scheme 2.3: Polymer scission reaction scheme.
P , of length i are scised into two component chains of length i− j and j respectively, at
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rate k (m3 ·mol−1 · s−1). Importantly, although k can be a function of the chain length,
it is often treated as a constant, thus reducing the number of fitting parameters required
compared to the other oligomer models for hemicellulose hydrolysis discussed previously.
Acid appears on both sides of this equation, since it is a catalyst and not a consumable
reagent.
A discrete form of the polymer degradation equation can be formulated by summing the
probabilities of breakage and formation for the N species being tracked in the reaction
sequence, namely,
dCi
dt
= −CH+Ci
i−1∑
j=1
F (j, i) +
N∑
j=i+1
(F (i, j) + F (j − i, j))CH+Cj , (i = 1, 2, . . . N) (2.4)
where Ci is the concentration of polymer chains of length i, CH+ is the concentration of
hydrogen ions in solution, and F (a, b) is the overall rate of formation of a chain of length
a due to scission of a chain of length b. Consequently, the first term on the right hand
side represents the hemicellulose chains of length i that are lost due to scission, whereas
the second term accounts for the accumulation of chains of length i from the scission of
longer chains. If it is assumed that there is a symmetry to the bond structure of the
hemicellulose chain, then the rate of producing a chain of length i from left or right hand
scission is the same, and the rate of formation can be simplified to give
F (i, j) + F (j − i, j) = 2Fi,j−i (i = 1, 2, . . . N), (j = i+ 1, . . . , N)
which is of the form presented by Ziff and McGrady (1986). The overall rate of scission,
F (a, b), can be further broken down into two components, F (a, b) = kΩ(a, b), where k is
the standard kinetic rate constant, and Ω(a, b) is the breakage kernel, which determines
how mass is distributed to chains of length a due to the scission of chains of length b, as
influenced by the probability of scission. Furthermore, the sum can be removed from the
degradation term by noting that the mass lost by chains of length i must be redistributed
to chains of length 1 to i− 1, and hence the breakage kernal is reduced to give
i−1∑
j=1
Ω(j, i) = 1.
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Consequently, the polymer degradation equation simplifies to
dCi
dt
= −kCH+Ci + 2kCH+
N∑
j=i+1
Ωi,j−iCj (2.5)
In the continuous form of the polymer degradation equation, the chain length is replaced
by a continuous independent variable such as molecular weight or length, causing inte-
gral terms to replace the summations of the discrete model (Ziff and McGrady, 1986).
This may not appear to be physically realistic since polymer chains are only comprised
of discrete units, however for very large chain lengths it is believed to be a reasonable
approximation (Kostoglou, 2000). When using the continuous polymer degradation equa-
tion, difficulties may arise in trying to satisfy conservation of mass for the system when
implementing numerical techniques such as the finite volume method. Kumar (2010)
found that the moments of the continuous equation are only preserved if the finite vol-
ume integrals are thoughtfully applied. Hemicellulose chains in the bagasse cell wall are
in the range of 80-200 monomer units long, consequently the small degree of polymerisa-
tion (DP) suggests that a discrete approach may be more appropriate when considering
hemicellulose hydrolysis (O’Hara et al., 2011).
The overall rate of degradation, F (a, b), can be formulated in many ways depending upon
the mechanism of scission, and the chemical composition of the polymer including the dis-
tribution of functional groups within the chain that may influence reactivity. Many such
mechanisms have been investigated for both the discrete and continuous cases including
random chain scission, preferential end breakage (also often referred to as chain-end scis-
sion), scission where the probability of breakage is inversely proportional to the number
of bonds in the chain, preferential centre breakage, or breakage at a rate proportional to
chain length raised to a power (Kostoglou, 2000; McCoy and Madras, 2001; Simha, 1941;
Ziff and McGrady, 1986). McCoy and Wang (1994) present a generalised form of the
breakage kernel for the continuous polymer degradation equation that was shown to be
capable of, but not limited to reproducing random and midpoint scission (Madras and
McCoy, 1998).
If the breakage kernel, Ω(a, b), is uncomplicated enough, analytic solutions to the discrete
and continuous polymer degradation equation can be found. Hill and Ng (1995) compiled
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a list of the common solution techniques available in the literature. Under certain cir-
cumstances, analytic solutions can also be found for population balance equations that
have been modified to include diffusive and advective fluxes. Rayapati et al. (2010) solve
2D steady state discrete population balance equations with diffusion and advection as a
representation of the flow of particulates through a pipe. Scanning Electron Microscopy
indicates that it may be appropriate to approximate the shape of bagasse fibres with
cylindrical geometry and hence their work in cylindrical coordinates may be relevant to
modelling the acid hydrolysis of hemicellulose using polymer degradation equations with
mass transport considerations in cylindrical bagasse fibre.
In cases where the degradation kinetics are more complex and analytical solutions to the
polymer degradation equation are not able to be elucidated, numerical techniques can be
implemented for solving the system of differential equations. A limitation of the model
is that the maximum degree of polymerisation of the polymer determines the number of
equations in the system, and for long polymers this may be computationally inhibitive.
However, methods such as the multiphase continuum approach can be implemented to
reduce the number of equations solved numerically (Rayapati et al., 2010). In this ap-
proach each polymer degradation equation then describes a group of oligomers rather
than a single monomer. We note however, the multiphase continuum approach is not
ideal in the context of hemicellulose hydrolysis, as insight into the mechanism of short
chain oligomer hydrolysis is of interest.
Lloyd and Wyman (2003) applied the polymer degradation equation to the dilute acid
hydrolysis and autohydrolysis of corn cob and corn stover. A version of Simha’s random
scission model modified to incorporate the degradation of monomer was solved analytically
and used to predict the yields of residual xylan, aqueous oligomers (DP 2-8), and monomer
content in the hydrolysate as a percentage of the maximum potential xylose conversion.
Only two parameters were allowed to vary in the parameter fitting, the rate of hydrolysis
kh and the rate of monomer degradation kd. Lloyd and Wyman found that for water-only
hydrolysis there was some initial agreement between the experiments and model, but
that the xylooligomer production was ultimately overestimated and the residual xylan
underestimated at long times. For the case of acid hydrolysis monomer yield appeared
to be somewhat accurate, whereas there was little correlation between the modelled and
experimental xylooligomer and residual xylan data even initially. Lloyd and Wyman
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(2003) postulated that a different formulation of the breakage kinetics, or consideration
of gelling effects may help to improve this fit.
Despite these apparently unremarkable results, the extra level of complexity introduced
by the polymer degradation equation allows for a full chain spectrum to be obtained, and
thus provides greater modelling opportunities. Consequently, this approach combined
with the biphasic kinetics of Kobayashi and Sakai is explored further in this thesis.
2.4 Other Mathematical Models of Hemicellulose Acid Hydrolysis
Porosity
The inability of cellulases to access the cellulosic substrate is considered to be a significant
contributor to poor conversion of cellulose to glucose (Meng et al., 2013), since physical
contact between the enzyme and substrate is required to facilitate hydrolysis (Fan et al.,
1980). Since enzymes are bulky, it may in fact be pore size rather than specific surface area
(SSA) that determines the effectiveness of hydrolysis (Meng et al., 2013; Tanaka et al.,
1988). Consequently, the impact of dilute acid hydrolysis upon the change in porosity of
the lignocellulosic material is of interest.
A number of different approaches have been employed to try to quantify some aspect
of the porosity and SSA changes induced by pretreatment. Meng et al. (2013) review
the strengths and weaknesses of Simons’ stain, solute exclusion, nitrogen adsorption and
NMR techniques and the different ways in which these techniques contribute to the under-
standing of structural changes within the substrate. Scanning electron microscopy (SEM)
photanalysis is also a popular qualitative method for determining changes in the mate-
rial porosity (Chen et al., 2014; Tsuchida et al., 2014; Zhang et al., 2011a). Meng et al.
(2013) identified that the best measurement techniques can be applied to wet samples,
since drying can dramatically alter the internal structure of the sample. Although this is
supported by Fan et al. (1980) it was determined that some of the structural deformation
could be circumvented if a series of organic solvents are applied to the sample before
drying.
Zhang et al. (2011a) used SEM to observe the formation of microholes in sweet sorghum
bagasse after dilute acid hydrolysis and concluded that steam explosion and dilute acid
both increased the accessibility of cellulose to enzymatic attack. The formation of these
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microholes was also observed by Chen et al. (2014) upon SEM imaging of dilute acid
hydrolysed bamboo, concluding that an increase in pore volume resulted.
Meng et al. (2013) used the Simons’ stain technique to elucidate that dilute acid pretreat-
ment created new pores and increased the size of existing pores in a sample of Populus.
Their results suggested that dilute acid pretreatment had a greater impact upon the
SSA than steam explosion. Furthermore, cryoporometry indicated an increase in rep-
resentative pore diameter after dilute acid pretreatment. Using NMR relaxometry and
diffusometry, Meng et al. also found that the increase in cellulose accessibility caused
by dilute acid pretreatment was relatively rapid (occurred primarily within the first 10
minutes of reaction at 150◦C with 0.15 mol L−1 H2SO4).
Zhou et al. (2009b) present a methodology for mathematically modelling the time evolving
substrate (cellulose) morphology in biomass materials during enzymatic hydrolysis. Their
model introduces two interesting ideas. The first is that the model geometrically decon-
structs the substrate into portions that represent the smallest accessible compartments
of substrate (SACs) and smallest accessible voids (SAVs). The SAVs are determined by
the size of the enzyme or reagent, and SACs are the minimal volume bounded by reagent
accessible pathways, that do not contain reagent accessible pathways. Secondly, Zhou
et al. describe each SAC as being comprised of several layers, λi, corresponding to the
fraction of material that would be digested and removed from the SAC surface if all outer
bonds are broken. Each layer progressively becomes accessible to the reagent as hydrol-
ysis continues, and the surface area to volume ratio changes. Their layering technique
is not limited to a single geometry, and linear, cylindrical and spherical templates are
best suited to materials that are highly crystalline, directionally oriented and amorphous
respectively. Numerical simulations were conducted and the modelling implications of
this new formalism were explored by the authors in an accompanying study Zhou et al.
(2009a).
However, the porosity change during enzymatic hydrolysis is conceivably more compli-
cated than in the case of acid hydrolysis, since unlike cellulases, the smaller acid reagent
is able to interact with both small and large pores across the biomass. Consequently, a
simpler model may be appropriate to approximate the time evolution of porosity during
acid pretreatment.
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Given the kinetic models described in Section (2.3), it can be seen that the modelling
motivation for porosity increase is the solubilisation of hemicellulose from solid xylan
to aqueous xylose or xylooligomers in which case the solid region is replaced by the
acid/oligomer solution. As the porosity increases, more acid is able to interact with the
hemicellulose chains and thus the reaction rate is expected to increase. Few models in the
literature attempt to describe this phenomenon. Mittal et al. (2009) introduce porosity
into a model of wood chip hydrolysis where hydrolysed xylooligomers and degradation
products can be conveyed into the bulk solution via a convective mass transfer coefficient.
Mittal et al. propose that an advantage of using this approach, over diffusion based
models, is that it is not limited to well defined geometries, however they acknowledge
that it is a more approximate approach. The overall rate of mass transfer is a function of
the surface area of wood chips and their porosity. Porosity is a ratio of the time dependent
pore volume to the constant total volume of wood chips. The pore volume is modelled as
a linear function of the mass removed by hydrolysis. This mass transfer coefficient model
produced theoretical yields for xylan, xylooligomers, xylose and furfural that were well
correlated to experimental autohydrolysis results for both sugar maple and aspen wood
chips. a significant number of fitting parameters were present in the model.
In this thesis, we consider conservation of volume arguments to present a model for spatial
and temporal evolution of the porous volume fraction within sugarcane bagasse using only
model variables and one parameter that can be estimated from mass composition data.
This formulation of the porosity equation also has a linear dependence on the time evolving
volume fractions of solid species in the reaction. Although most models do not attempt
to calculate the change in porosity during acid hydrolysis, a number of models recognise
the influence that porosity has upon the diffusion of species within the biomass.
Mass Transport Models
Transport limitations have been considered as possible contributors to the rate of hemi-
cellulose hydrolysis (Carrasco and Roy, 1992a; Garrote et al., 1999). Consequently, it is
important to consider the mass transport of hemicellulose as it is hydrolysed and diffused
out of the biomass material. Mathematical models of reaction-advection-diffusion have
been investigated at multiple size scales including the fibre scale where biomass is hydrol-
ysed and solubilised oligomers are transported out of the material into the surrounding
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hydrolysate (Kostoglou and Karabelas, 2004; Rayapati et al., 2010); and the reactor scale
where the bulk transport of aqueous biomass across the reaction vessel is considered,
often coupled with a fibre scale model (Hosseini and Shah, 2009; Maloney et al., 1986).
In the case of a batch reactor (as investigated here), well mixed conditions minimise the
prospect of advective flow and hence diffusion is considered as the sole mechanism of
mass transport. However, given the complexity of the physical reality of such reactors,
the molecular mechanism of diffusion may be best interpreted as a means of particle dis-
persion and hence the coefficient of diffusion may be considered an “effective” parameter
representative of diffusion specific to the environment of the reactor.
Fick’s second law states that the temporal rate of change of concentration, C(x,t), depends
on diffusion according to the relationship
∂C
∂t
= ∇ · (D∇C) (2.6)
where D is the diffusion coefficient. The diffusion coefficient for polymers in solution can
be handled in an assortment of ways. Bird et al. (2007) present the following equation
for diffusion of polymer A in solvent B;
DA,B =
1√
M
, (2.7)
where M is the molecular weight of the polymer. This diffusion coefficient is best applied
to dilute solutions where the solvent is of low molecular weight. Alternatively, it has been
observed that polymers can coil in solution (Hall, 1989), and hence the Stokes-Einstein
diffusion coefficient for spherical particles diffusing in dilute solution may be applied, as
given by,
DA,B =
kBT
6piηRh
(2.8)
where kB is the Boltzmann constant, T is temperature, η represents the dynamic viscos-
ity of the solvent solution and Rh is the equivalent hydrodynamic radius of the spherical
polymers (Cussler, 1997). An empirical variation of Equation 2.8, the Wilke-Chang Esti-
mation Method, has been used by Maloney et al. to depict diffusion of solute A in solvent
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B for sufficiently dilute solutions. The diffusion coefficient is therefore,
D0A,B = 7.4× 10−8
(φMB)
1/2T
ηBV 0.6A
(2.9)
where, MB is the molecular weight of solvent, VA is the molal volume of solute at normal
boiling temperature, and φ is an “association factor” determined by the type of solvent
(purportedly 2.6 for water) (Reid et al., 1977).
These diffusion coefficients represent the diffusion of polymer in a bulk solution. However,
within the fibrous bagasse material the lignocellulosic matrix forms a tortuous pathway
for the solubilised polymers to navigate, and hence an “effective” diffusion coefficient is
required. The effective diffusion coefficient characterises the influence porosity imparts
on the overall diffusion within the material. In their model of short chain xylooligomer
hydrolysis, Hosseini and Shah (2009) applied Weissberg’s diffusion coefficient for porous
media, namely,
Deff =
εDbulk
1− 0.5 ln ε (2.10)
where ε is the void fraction. Weissberg’s coefficient was developed to describe a bed of
spherical particles, which may not be the best geometry to describe the internal lignocel-
lulosic structure of bagasse.
Alternatively, Lee and Park (2007) apply the random porous cluster model of Zhang and
Bishop (1994) to describe mass transport in biofilms, given by,
Deff = ε
3Dbulk (2.11)
where ε is the porosity (volume of liquid phase filling the pores per total volume of
biofilm). Although porosity is measured in many different ways experimentally, the use
of volumetic porosity here is convenient since the model discussed further in this chapter
has been volume averaged.
Response Surface Methodology (RSM)
Neureiter et al. (2002) used a statistical approach to predict the yield of hemicellulose
hydrolysis products (particularly xylose and furfural) as a function of four reaction vari-
ables: acid concentration, temperature, residence time and percentage dry matter. Con-
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sequently, such models have the potential to provide insight into the optimal reactor con-
ditions for hemicellulose dilute acid pretreatment. A “response surface” was constructed
from the predicted yields calculated according to a second-order polynomial regression
model given by
Yi = β0︸︷︷︸
intercept
+
n∑
i=1
βixi︸ ︷︷ ︸
linear
+
n∑
i=1
βiix
2
i︸ ︷︷ ︸
quadratic
+
n∑
i<j
βijxixj︸ ︷︷ ︸
interaction
+ ξ︸︷︷︸
experimental error
. (2.12)
Here Yi is yield of the hemicellulosic degradation product (i.e. xylose or furfural), xi
represents experimental conditions, and β characterises the regression coefficients for the
intercept, and linear, quadratic and interaction effects respectively. The regression pa-
rameters were elucidated by fitting this same model to experimentally determined yield
values such that the sum of the least squares residuals was minimised.
The relative influence each experimental condition holds over the xylose or furfural yield
was determined through an analysis of the variance (ANOVA). Neureiter et al. (2002)
found that acid concentration had the greatest impact upon xylose yield whereas temper-
ature was more influential to the yield of furfural. Diedericks et al. (2013) discovered that
temperature had the most significance in determining the yields of xylose, glucose and
furfural in the dilute acid hydrolysis of sugarcane bagasse. Um and Bae (2011) used RSM
to determine that the optimal residence time and acid concentration for acid hydrolysis
at 170◦C were 15 min and 0.24% (w/v) respectively although they did not compare the
relative influence of each variable upon the yield obtained.
Unlike the kinetic models described above, these statistical response surface methods do
not attempt to characterize the underlying chemical interactions. These models also have
a high degree of freedom in their parameter fitting due to the significant number of regres-
sion coefficients. Consequently, although their utility for identifying which experimental
conditions have the greatest impact upon the effectiveness of hemicellulose acid hydrol-
ysis has been demonstrated, statistical models are not revisited in this thesis in favour
of the traditional kinetic approach. While kinetic models allow for the investigation of
optimal reactor conditions, they additionally afford the opportunity to investigate the
chemical (and physical) mechanisms underlying the dilute acid pretreatment of hemicel-
lulose. Since these chemical reactions are occurring within the cell walls of sugarcane
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bagasse, in Chapter 3, a novel model for acid hydrolysis of hemicellulose at the cell wall
scale is introduced.
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Chapter 3
The Cell Wall Scale: Understanding Dilute Acid
Pretreatment of Sugarcane Bagasse
Abstract
Sugarcane bagasse is an abundant and sustainable resource, generated as a by-product of
sugarcane milling. The cellulosic material within bagasse can be broken down into glucose
molecules and fermented to produce ethanol, making it a promising feedstock for biofuel
production. Mild acid pretreatment hydrolyses the hemicellulosic component of biomass,
thus allowing enzymes greater access to the cellulosic substrate during saccharification.
A particle-scale mathematical model describing the mild acid pretreatment of sugarcane
bagasse has been developed, using a volume averaged framework. Discrete population-
balance equations are used to characterise the polymer degradation kinetics, and diffusive
effects account for mass transport within the cell wall of the bagasse. As the fibrous ma-
terial hydrolyses over time, variations in the porosity of the cell wall and the downstream
effects on the reaction kinetics are accounted for using conservation of volume arguments.
Non-dimensionalisation of the model equations reduces the number of parameters in the
system to a set of four dimensionless ratios that compare the timescales of different reac-
tion and diffusion events. Theoretical yield curves are compared to macroscopic experi-
mental observations from the literature and inferences are made as to constraints on these
‘unknown’ parameters. These results enable connections to be made between experimental
data and the underlying thermodynamics of acid pretreatment. Consequently, the results
suggest that data-fitting techniques used to obtain kinetic parameters should be carefully
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applied, with prudent consideration given to the chemical and physiological processes being
modelled.
3.1 Introduction
Sugarcane is a major crop farmed worldwide as a source of sugar (sucrose), which is
extracted from the raw sugarcane by a crushing and milling process, followed by various
physical and chemical post treatments (Australian Government, 2004).
Bagasse is the fibrous residue of the sugarcane milling process. Current technologies
enable cellulosic sugars to be extracted from bagasse, which in turn can be be fermented
to produce ethanol suitable for transport fuels. Since bagasse is a low-value by-product
of sugarcane milling, it has the advantage of being recognised as a suitable feedstock for
2nd generation biofuels (Nigam and Singh, 2011).
Pretreatment is used in industry to make the cellulose in plant fibres, such as bagasse,
more amenable to enzymatic hydrolysis thus improving the yield of fermentable sugars
(Olsson et al., 2005; Wyman et al., 2004; Yang and Wyman, 2008a). Hemicelluloses are
branched polymers that can be considered to form a monolayer coating around the exterior
of cellulose microfibrils (aggregates of linear cellulose chains that are held together by
hydrogen bonding), creating a cellulose/xyloglucan network that strengthens the cellulose
scaffold (Albersheim et al., 2011; O’Hara et al., 2011; Olsson et al., 2005; Scheller and
Ulvskov, 2010).
One pretreatment that is used to remove hemicelluloses from bagasse, is mild acid pre-
treatment. Under acidic conditions the hemicelluloses are hydrolysed, thus allowing en-
zymes greater access to the cellulosic substrate during saccharification. The costs asso-
ciated with pretreatment account for a significant proportion of the projected produc-
tion costs of bioethanol, and since pretreatment takes place early in the fuel production
process, the effectiveness of the pretreatment influences downstream processes and their
associated costs. Advances in pretreatment technologies have aided in reducing these pro-
duction costs in the past (Yang and Wyman, 2008a). Consequently, researching methods
to optimise the pretreatment process can help to make the cost of biofuels more commer-
cially viable.
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Mathematical modeling can be applied to industrial problems such as biomass pretreat-
ment in order to provide insight into the influence of experimental parameters on process
effectiveness and thus help to inform optimal reaction conditions. This is only possible if
there is cohesion between the robustness of the model equations and the accuracy of the
model parameters.
In the past, variations of the Saemen kinetic model (Saeman, 1945) have commonly been
used to describe the hydrolysis of hemicellulose to produce xylose and the subsequent
degradation of xylose. Popular variations such as including an oligomer intermediate
in the hydrolysis process or splitting the substrate into easy to hydrolyse and hard to
hydrolyse classes are discussed in detail by Jacobsen and Wyman (2000). The benefit
of these models is that they are often simple enough to allow for analytic investigation,
however, they do not allow the ability to capture chain length dependent behaviours.
Alternatively, discrete population-balance equations, first applied to the degradation of
polymers by Simha (1941), can be used to formulate a system of coupled kinetic equations
that accounts for all oligomeric intermediates in the reaction, such that the degree of
polymerisation of the material determines the size of the equation system. Population-
balance equations enable the observation of behaviours that are influenced by chain length
and thus obtain time-dependent oligomer profiles. This equation structure provides a
more flexible foundation for the kinetics of hemicellulose degradation and thus forms the
basis of the model presented in this work.
However, kinetic models alone may not fully actualise the chemistry that is occurring
during the pretreatment of substrates with complex structures, such as bagasse or other
biomasses. Because of the fibrous nature of these materials, reagents may have a tortu-
ous diffusion pathway and may only be able to make contact with a small proportion of
substrate. Likewise, as chains are scised and solubilised and removed from the cell wall
by diffusive fluxes, the structure of the substrate changes and the reaction is better able
to progress uninhibited. A measure of the accessibility of the substrate is the material
porosity. Previous models for hemicellulose or cellulose degradation have included poros-
ity calculations, however these often introduce unknown parameters into the model, or
require that the substrate is well defined geometrically (Griggs et al., 2011; Levine et al.,
2010; Mittal et al., 2009; Zhou et al., 2009b). On the small scale of the bagasse cell wall,
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the exact spatial distribution and geometric properties of the fibre network cannot be
easily understood.
In this work, we have developed a volume-averaged model for acid hydrolysis on a micro-
scopic scale. Volume averaging infers that at any given spatial co-ordinate there exists
some fraction of each of the solid materials and some fraction of liquid (initially the
acid solution) (Whitaker, 1998). The liquid fraction represents the porosity of the ma-
terial, which can be modelled using conservation of volume arguments. Therefore, the
model accounts for acid-catalysed chain scission using a population balance framework,
the structure of which facilitates the solubilisation and diffusion of short-chain oligomers,
and selectivity in the formation of degradation products. Solubilisation affects the poros-
ity of the material, which in turn influences the reactivity and ease of diffusion due to
the coupled nature of the equation system. Non-dimensionalisation of the model reduces
the number of parameters in the system to a few key ratios, thus framing a discussion
about the influence of the various parameters on pretreatment effectiveness. Although
the modeling work in this paper is phrased around bagasse, the model itself is portable
across many lignocellulosic biomass feedstocks.
The intention is for this model not to be used as a predictive tool, but rather as a means
of understanding the processes occurring in the cell wall.
3.2 Model Development
Consider a one-dimensional cross section of the cell wall (0 ≤ x ≤ L) of a representative
bagasse fibre (Figure 3.1), where the spatial dimension, x, has units of metres. The cell
wall is comprised of a lignocellulosic matrix flooded with an acid solution (H3O
+), of
which the cellulosic fibrils are coated and interlinked by hemicelluloses. These amorphous
hemicelluloses can be hydrolysed and removed from the cell wall, allowing enzymes better
access to the cellulosic substrate in downstream biofuel processing. Hydrolysed hemicel-
lulose chains leave the system through diffusion out of the cell wall and into the bagasse
lumen. Given the one-dimensional nature of the problem, we are assuming that diffusion
is defined orthogonal to the cell wall-lumen interface and that diffusion longitudinally
within the cell wall is ignored. There is a further macroscopic mathematical problem
associated with the transport of hemicellulose chains through the bagasse lumen and into
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the bulk hydrolysate, however, in this paper we are only concerned with the cell wall
kinetics.
x0 L
Figure 3.1: Schematic of a representative unit of the cell wall of bagasse containing cellulose (—),
lignin () and hemicellulose (∼).
There are three key phenomena that need to be considered in modeling the acid hydrolysis
of hemicellulose within the cell wall; scission events, size dependent diffusion of hemicel-
lulose chains and the impact that these processes have upon the porosity of the material.
Implicit in the model equations are the assumptions
(a) all physical processes are isothermal and isobaric;
(b) xylan is representative of the hemicellulosic material, since the pentose xylose is
typically the primary constituent of hemicellulose in bagasse (Gı´rio et al., 2010);
(c) furfural represents the degradation products of xylose (refer to Figure 3.2);
(d) the fraction of the total volume occupied by cellulose and lignin is unchanged under
the conditions of dilute acid hydrolysis;
(e) the cell wall is saturated with acid solution such that there are only liquid and solid
volume fractions to consider in the model derivation, denoted v and s, respectively;
(f) volume is conserved throughout the hydrolysis process.
The liquid volume fraction, v, (i.e. the ratio of liquid or void volume to total volume) is
the porosity of the fibrous material.
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Since it is not possible to know the exact spatial distribution of all elements within
the bagasse cell wall due to its small size and fibrous internal structure, formulating a
geometric model is not a viable option at this scale. Consequently, we apply a volume
averaging argument as per the methods outlined by Whitaker (1998), such that at any
given spatial point both solid and liquid fractions can co-exist. Volume averaging leads to
effective concentrations of xylan chains of length i, φi (kg m
−3), the effective concentration
of furfural, φF (kg m
−3), and an effective concentration of acid, ψH+ (mol m−3), defined
such that
ψH+ = vCH+ ; φF = vρF ; φi = vρi i = 1 . . .m; φi = iρs i = m+ 1 . . . N ;
where ρi and ρF (kg m
−3) are the densities of a xylo-oligomer of length i in solution and
furfural respectively, ρs (kg m
−3) is the material density of solid xylan, CH+ (mol m−3) is
the concentration of acid per volume of liquid, m is the chain length at which hemicellulose
chains are solubilised to form aqueous oligomers, and N is the maximum chain length of
hemicellulose.
Figure 3.2 represents possible reaction pathways for the dilute acid hydrolysis of hemicel-
lulose. These kinetics can be captured using a population balance framework, for which
the time evolving concentrations of all chain lengths are explicitly accounted. This pro-
vides information about the polydispersity of hemicellulose over time and allows for the
inclusion of polymer characteristics (such as solubility) as a function of chain length.
Depending upon the position of the hydrolysed bond, the initially monodisperse initial
Figure 3.2: The reaction pathway considered in this work includes oligomeric intermediates and
the dehydration of xylose to produce furfural.
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distribution of hemicellulose chains may form similarly insoluble long xylan chains, or
oligomers and monomers that have a small enough degree of polymerisation to be sol-
ubilised in the acid solution. Dehydration of xylose leads to the degradation product
furfural (Binder et al., 2010).
Different reaction rates are used to distinguish between hydrolysis of solid, ka (m
3 mol−1 s−1),
and aqueous, kb (m
3 mol−1 s−1), chains. Likewise, kd (m3 mol−1 s−1) represents the degra-
dation rate of xylose to produce furfural. Arrhenius kinetics of the form,
k = k0 exp
(−Ea
RT
)
, (3.1)
are used to formulate the rate parameters. The choice of distinct rate parameters for the
solid and solution phase kinetics is motivated by the influence of solvation on the enthalpy
and/or entropy components of the Gibbs free energy of the reaction (Henriksen and
Hansen, 2008). The transition between the solid and liquid fraction due to solubilisation
must be accounted for in the porosity calculations (described later as per Equation 3.14
and associated discussion).
In addition to the kinetic events described in Figure 3.2 the model accounts for the
diffusion of all aqueous species including oligomeric xylan (chains of length i = 2 . . .m),
xylose (i = 1) and furfural. The resultant model system is therefore
∂φF
∂t
= kdψH+φ1︸ ︷︷ ︸
Formation
+
∂
∂x
(
DFeff
∂φF
∂x
)
︸ ︷︷ ︸
Diffusion
, (3.2)
∂φ1
∂t
= −kdψH+φ1︸ ︷︷ ︸
Degradation
+ 2kaψH+
N∑
j=m+1
Ω1,j−1φj︸ ︷︷ ︸
Formation from solid chains
+ 2kbψH+
m∑
j=2
Ω1,j−1φj︸ ︷︷ ︸
Formation from aqueous chains
+
∂
∂x
(
Deff
∂
∂x
φ1
)
︸ ︷︷ ︸
Diffusion
,
(3.3)
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∂φi
∂t
= −kbψH+φi︸ ︷︷ ︸
Scission
+ 2kaψH+
N∑
j=m+1
Ωi,j−iφj︸ ︷︷ ︸
Formation from solid chains
+ 2kbψH+
m∑
j=i+1
Ωi,j−iφj︸ ︷︷ ︸
Formation from aqueous chains
+
∂
∂x
(
Deff
∂
∂x
φi
)
︸ ︷︷ ︸
Diffusion
,
(i = 2, 3, . . . ,m− 1,m) (3.4)
and
∂φi
∂t
= −kaψH+φi︸ ︷︷ ︸
scission
+ 2kaψH+
N∑
j=i+1
Ωi,j−iφj︸ ︷︷ ︸
Formation from solid chains
, (i = m + 1,m + 2, . . . , N − 1, N) (3.5)
where Equations 3.2 through 3.5 describe the time rate of change of the concentrations
of furfural, xylose, aqueous oligomers and xylan respectively. The summation terms are
indicative of the many possible ways a polymer chain can be formed from all longer
chain lengths. Here Ωi,j−i is the breakage kernel and Deff (m2 s−1) represents an effective
diffusion coefficient used to account for the tortuous nature of the bagasse cell wall. The
breakage kernel is given by
Ωi,j−i = ωi,j−imfi , i = 1, 2, . . . , j − 1 , j = 2, 3, . . . , N (3.6)
where ωi,j−i (0 ≤ ωi,j−i ≤ 1) is the probability that a chain of length j will produce a
chain of length i and a chain of length j − i (in a binary breakage environment), and mfi
is the proportion of mass that such a breakage would contribute to the ith class. More
specifically, the mass fraction, mfi is the ratio of the chain length that is being produced,
and the chain length that is being scised, namely,
mfi =
i
j
, i = 1, 2, . . . , j − 1 , j = 2, 3, . . . , N. (3.7)
We assume that there are no preferential scission sites across the xylan chain, and thus
each of the j − 1 bond sites has an equal probability, namely,
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ωi,j−i =
1
j − 1 , i = 1, 2, . . . , j − 1 , j = 2, 3, . . . , N (3.8)
of being scised from either end of the symmetric hemicellulose chain. When i 6= j/2,
any particular chain length can be achieved by executing a scission event from the left or
right hand end of a chain. Consequently, each of the scission terms in Equations 3.2 to
3.5, has a coefficient of two to account for both the left and right hand scission events.
Conversely, if i = j/2 (i.e. the chain is being scised into two exactly equal parts), the
probability of scission is no longer increased as there is only one possible bond that can
be scised to produce this result. However, such an event results in twice the mass of
a single chain length being produced. We note that according to our definition of mfi
in Equation 3.7, when i = j/2, then mfi = 1/2. In this case the coefficient of two in
Equations 3.2 to 3.5 is absorbed by the mass fraction term in the breakage kernel, such
that 2mfi = (2)(1/2) = 1, as required. It is important to note that the formulation of the
breakage kernel given in Equation 3.6, maintains conservation of mass in a diffusionless
system.
The effective diffusion coefficient is dependent upon the porosity of the material, such
that
Deff(i, v) = 
3
vD∞(i), (i = F, 1, 2, . . . ,m) (3.9)
where D∞(i) (m2 s−1) is the chain length dependent diffusion coefficient of the hemicel-
lulose material outside of the tortuous cell wall environment. The cubic dependence on
porosity was informed by the random porous cluster modification to the diffusion coeffi-
cient used by Lee and Park (2007) to describe mass transport in biofilms. Since polymers
can coil in solution, we make the assumption that the solubilised chains are approximately
spherical, with hydrodynamic radius Re (m). We are thus able to use a Stokes-Einstein
approximation to the diffusion coefficient (Cussler, 1997) to represent D∞(i), namely,
D∞(i) =
kBT
6piηRe
, Re = 0.676 l
√
i (3.10)
where kB (m
2 kg s−2 K−1) is Boltzmann’s constant, η (kg m−1 s−1) is the dynamic
viscosity of the acid solution, and l (m) is the length of a single xylose monomer.
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Dirichlet boundary conditions,
φi(0, t) = φi(L, t) = 0 (3.11)
are imposed upon the system to represent a reality where hemicellulose chains that reach
the cell wall boundary are instantly dispersed (considering the relative ease of movement
in the lumen compared to the tortuous cell wall environment). This is a simplifying
assumption that will be examined in detail in further work by the authors on the devel-
opment of a coupled macroscopic-microscopic model of transport in bagasse elements.
It must be noted that the reaction scheme given in Figure 3.2 and embodied in Equations
3.2 to 3.5 does not take into consideration two separate ‘hard to hydrolyse’ and ‘easy to
hydrolyse’ xylan fractions, popularised in the literature by Kobayashi and Sakai (1956).
We acknowledge that the complicated and non-uniform structure of hemicellulose is likely
to influence the reaction kinetics of hydrolysis, however, the concept of two separate hard
and easy to hydrolyse fractions is not easily incorporated into the population balance
equations in a physically motivated way.
The concept of two separate substrates creates a large number of additional equations
to be solved at each timestep, and introduces the need to define difficulty of hydrolysis
by some physical characteristic(s) of the chains that can be modelled as an additional
variable. After each scission event, the products would need to be reclassified as easy or
hard to hydrolyse based on the time-evolving status of these defining characteristics. Until
a mechanism is developed to characterise the easy and hard to hydrolyse hemicellulose
fractions, it remains beyond the scope of this work to adopt the kinetic pathway of
Kobayashi and Sakai.
3.2.1 Cell Wall Porosity
Using SEM imaging, Zhang et al. (2011a) observed a change in the structure of sourghum
bagasse after acid hydrolysis. In particular, they observed that cellulose in the bagasse
became more accessible due to the appearance of microholes in the material. Our model
attempts to quantify such changes, by explicitly monitoring the time evolving porosity
of the bagasse cell wall substrate caused by the solubilisation and subsequent diffusion
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of hemicelluloses throughout the cell wall. The porosity of the domain changes since the
ratio of solid to liquid materials in the system is not constant.
Conservation of volume requires that
s + v = 1, (3.12)
where the solid volume fraction, s, accounts for the volume of cell wall occupied by
cellulose, lignin and solid hemicelluloses, and the void fraction, v, is comprised of the
acid solution and any solubilised hemicellulose chains (i.e. chains for which i < m). We
make the simplifying assumption that only hemicellulose reacts with the acid solution,
and that cellulose and lignin maintain a constant combined volume fraction, Fˆ . Therefore,
the solid volume fraction can be described by the equation
s = Fˆ +
N∑
i=m+1
i, (3.13)
since it is only chains of length greater than m that contribute to the solid volume fraction.
It follows that substitution of Equation 3.13 into Equation 3.12 dictates that the porosity
equation is of the form
v = 1−
(
Fˆ +
N∑
i=m+1
i
)
. (3.14)
Consequently, we have arrived at a coupled system of N + 2 equations (partial differ-
ential equations (3.2) to (3.5) and algebraic equation (3.14)), to describe hemicellulose
degradation, furfural production and porosity evolution, governed by Dirichlet boundary
conditions, (Equation 3.11), and the monodisperse initial condition
φi(x, 0) = φN (x) = C
0
N . (3.15)
A compilation of parameter values and their sources is provided in Table 3.1. Many of
these parameters were obtained directly from the literature, however there are some that
require further explanation. Some parameters such as the degree of polymerisation of
hemicellulose can not be reduced to a single value since the material is naturally polydis-
perse. Hence the reported value of N was chosen to be within the measured range of the
DP of hemicellulose, such that the running time of the numerical simulation remained
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feasible, however, the choice of N is further investigated in Chapter 5. The oligomer
diffusion coefficients were calculated using the Stoke’s Einstein formulation (Equation
3.10), and the diffusion coefficient of chains of length m in particular was selected as
a scaling factor for the non-dimensionalisation of the model equations (discussed in the
following section) to represent the slowest diffusing chains. The acid concentration CH+
given in the table has been converted to SI units from a reported acid concentration of 4
wt% (Lavarack et al., 2000) in order to be consistent with the second order rate kinetics
used in the formulation of the reaction terms. The acid concentration was assumed to
remain constant, since the transport time for acid into the cell wall is fast compared to
the reaction and transport of oligomers. This is because the ionic radius of a hydrogen
ion is approximately an order of magnitude smaller than the smallest oligomer chain, i.e.
a xylose monomer (Aylward and Findlay, 2008; Weng et al., 2009). Consequently, due
to the inverse dependency upon hydrodynamic radius in the Stokes-Einstein formulation
for the diffusion coefficient, we would expect hydrogen ions to diffuse approximately one
order of magnitude faster (Cussler, 1997).
Some of the parameters were estimated, such as the intial condition and the volume
fraction of cellulose and lignin. These parameters were chosen to represent a cell wall with
very little porous space, hence the volume fraction of cellulose, lignin and hemicellulose
were estimated to initially sum to 95% of the total cell wall volume. There had to be
some non-zero acid concentration initially for the reaction to take place. The choice of Fˆ
was intended to approximate the relative amounts of cellulose, lignin and hemicellulose
as a hydrated volume fraction, from available data of the composition of dried bagasse
(O’Hara et al., 2011).
Parameter Meaning Value Ref
C+H Acid concentration 444 mol m
−3 (Lavarack et al., 2000)
L Length of the cell wall 1× 10−6 m (Ressel, 2007)
D∗∞ Bulk diffusivity of chains of length m 1.07× 10−10 m2 s−1 (Cussler, 1997)
DF∞ Bulk diffusivity of furfural 1.12× 10−9 m2 s−1 (Schramke et al., 1999)
Fˆ Volume fraction of cellulose and lignin 0.65
N Degree of polymerisation of hemicelluloses 100 (O’Hara et al., 2011)
m Soluble chain length threshhold of hemicellulose 15 (Novozymes, 2012)
(Yang and Wyman, 2008b)
kB Boltzmann constant 1.38× 10−23 m2 kg s−2 K−1 (Aylward and Findlay, 2008)
l Length of a single monomer 0.65× 10−9 m (Weng et al., 2009)
C0N Initial dimensionless concentration of chains of length N 0.3
T Temperature 150 ◦C
Table 3.1: Parameter values used for model simulation.
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3.3 Numerical Methods
Non-dimensionalisation of the model system can be achieved by scaling each of the di-
mensioned variables, such that
φ¯F =
φF
ρs
, φ¯i =
φi
ρs
, x¯ =
x
L
, D¯∞ =
D∞
D∗∞
, t¯ = kaCH+t.
Applying these scalings to Equations 3.2 to 3.5 and 3.11, we obtain the following dimen-
sionless equation system:
∂φ¯F
∂t¯
= δ1F vφ¯1 + δ2F
∂
∂x¯
(
3v
∂φ¯F
∂x¯
)
(3.16)
∂φ¯i
∂t¯
= −δ1F vφ¯i+2v
N∑
j=m+1
Ωi,j−ij + 2δ1v
m∑
j=i+1
Ωi,j−iφ¯j + δ2
∂
∂x¯
(
3vD¯∞
∂
∂x¯
φ¯i
)
, (i = 1)
(3.17)
∂φ¯i
∂t¯
= −δ1vφ¯i + 2v
N∑
j=m+1
Ωi,j−ij + 2δ1v
m∑
j=i+1
Ωi,j−iφ¯j + δ2
∂
∂x¯
(
3vD¯∞
∂
∂x¯
φ¯i
)
,
(i = 2, 3, . . . ,m− 1,m) (3.18)
∂i
∂t¯
= −vi + 2v
N∑
j=i+1
Ωi,j−ij , (i = m + 1,m + 2, . . . , N − 1, N) (3.19)
v = 1−
(
Fˆ +
N∑
i=m+1
i
)
, (3.14)
where the number of parameters has been reduced to four dimensionless ratios, namely,
δ1 =
kb
ka
, δ1F =
kd
ka
, δ2 =
D∗∞
L2kaCH+
, δ2F =
DF
∗
∞
L2kaCH+
.
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The parameter groupings δ1 and δ1F represent timescale ratios of the rate of aqueous chain
scission and the rate of degradation product formation, to the rate of solid hemicellulose
chain scission respectively. The parameters δ2 and δ2F represent ratios of the timescale of
polymer scission to the timescale of hemicellulose diffusion and the timescale of furfural
diffusion respectively.
The magnitude of δ1, δ1F , δ2 and δ2F will determine the relative influence of scission and
diffusion on the system and allows us to investigate the sensitivity of our model to these
behaviours using a reduced set of unknown parameters. These parameters are described
as ‘unknown’ due to the difficulty of measuring the reaction rate and diffusion parameters
and consequently because of the lack of agreement on these values in the literature (as
discussed in Sensitivity to δ1F ). Unless otherwise indicated, the standard parameter values
in Table 3.1 form the basis for the numerical simulation.
The model equations are formed in terms of three variables: chain length, i, space, x,
and time, t. Chain length is already incorporated into the model as a discrete variable.
The numerics were facilitated through the application of a vertex-centered finite volume
discretisation across the spatial terms in order to reduce the system of partial differential
equations to a system of ordinary differential equations in time (Patankar, 1980). Us-
ing the MATLAB interface to SUNDIALS (Hindmarsh et al., 2005), the IDA solver was
used to implement the discretised differential algebraic equation system over 51 uniformly
spaced spatial nodes. SUNDIALS offers robust solvers and adaptive time-stepping algo-
rithms. SUNDIALS also offers significant scope for users to incorporate preconditioners
and other solution structures to optimise runtime. These features may be investigated
in future implementations of the code since the running time of each implementation of
the model was substantial, of the order of several hours duration. The authors note that,
although the banded structure of the Jacobian was utilised, the code was not optimised
for fast performance. Optimisation of the implementation of the model equations is a
potential avenue for future investigation.
3.4 Results and Discussion
For all of the results presented in this article, the yield of oligomers of chain length i, Yi,
was calculated on a mass basis, such that
53
Yi =
∑
x¯ massifinal∑
x¯ massNinitial
=
∑
x¯ ρ¯i∑
x¯ ρ¯N
. (3.20)
Here only the initial mass of chains of length N were considered due to the monodisperse
nature of the initial condition. Throughout this document, yields are presented as mass
fractions rather than percentages.
As we have seen, the non-dimensionalisation of the model equations introduced four di-
mensionless ratios, δ1, δ1F , δ2 and δ2F , consisting of reaction rates and diffusion coeffi-
cients. These parameters are difficult to measure experimentally, hence the dimensionless
ratios are susceptible to inaccuracy. This is a concern, since the validity of the yields pre-
dicted by the model is influenced by the accuracy of these parameter values. A sensitivity
analysis of these parameters was performed to investigate the changes incurred in the
model outcomes due to variation in the values of the dimensionless ratios δ1, δ1F , δ2 and
δ2F . These variations in the maximum xylose yield were recorded as a result of changing
each of the dimensionless ratios from unity, in turn. A common value of unity was chosen
to represent each parameter since the true values of these parameters inside the cell wall
were not able to be determined, and significant variation was apparent in the values of
similar parameters in the literature. A representative solution to the model equations for
this combination of values of the dimensionless ratios is presented in Figure 3.3a. The
yields appear low due to oligomers diffusing out of the cell wall at an appreciable rate.
The results of the sensitivity analysis are displayed in Figures 3.3b and 3.3c. In Figure
3.3b, variations in the maximum xylose yield were recorded as a result of changing the
dimensionless ratios by ±5%, from unity, in turn. It is clear that parameters δ1, δ1F and
δ2 can significantly influence the monomer yield, while δ2F has limited impact in this
instance. This is understandable, since δ2F is only apparent in the differential equation
concerned with the time rate of change of furfural concentration (Equation 3.16), and thus
has no direct impact upon the yield of the xylose and hemicellulose products of key concern
in this work. Figure 3.3c demonstrates that these observations hold true when greater
variation in the parameter space is considered. However, it is important to note that over
this broad parameter space, the model predicted yields appear to be more sensitive to
variations in the δ2 parameter than the δ1 parameter (which contradicts the outcomes in
Figure 3.3b where only small changes were considered). This result is perhaps somewhat
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intuitive, since as δ2 → 0, the oligomers are captured inside the cell wall for longer and
hence the yield observed in this region of the domain is expected to increase significantly.
Consequently, Figure 3.3 indicates that uncertainty in all parameters excluding δ2F may
materially impact the model outcomes and hence in the proceeding discussion we will
consider in detail the influence that parameters δ1, δ1F and δ2 exercise upon the yield of
xylose oligomers resulting from dilute acid pretreatment.
3.4.1 Sensitivity to δ1F
As noted earlier, the parameter δ1F is representative of the relative rates of furfural
formation and solid hemicellulose scission in a diffusionless system (i.e. δ2, δ2F = 0).
Figure 3.4 shows the influence that δ1F imparts on the yield of monomer obtained before
xylose is dehydrated to form furfural.
It must be noted that, although the timescale of hydrolysis may seem fast in Figure
3.4, (and Figures 3.7 and 3.8 to follow), these results are representative of a microscopic
domain and hence we would expect shorter reaction times than those observed at a reactor
level. Additionally, the choice of the dimensionless ratios δ1, δ1F , δ2 and δ2F may be varied
to alter the speed of the hydrolysis process, and hence in the absence of a complete multi-
scale model the timescale of the microscopic reaction as a lone quantity is not significant
to the interpretation of the results.
By fixing δ1 = 1, it can be seen that decreasing δ1F improves the yield of monomer
obtained because this favours the rate of chain scission over furfural formation. If we
anticipate any appreciable yield of xylose over furfural, we might approximate the pa-
rameter space of δ1F to be δ1F ≤ 1. Experimental data of the comparative amounts of
xylose and furfural in the pretreatment hydrolysate can be used to narrow the potential
parameter space under various ambient conditions.
Because of the Arrhenius kinetics used to formulate the rate constants, we can identify a
relationship between δ1F and the operating temperature of the reaction vessel, such that
δ1F =
kd
ka
= β1F exp
(γ1F
RT
)
, (3.21)
where
β1F =
k0d
k0a
, (3.22)
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and
γ1F = Eaa − Ead . (3.23)
In the literature there appears to be some inconsistency regarding the temperature de-
pendence of δ1F . Figure 3.5 presents the relationship between δ1F and temperature for
different sets of biomass acid pretreatment rate parameters taken from the literature as
collated by Liu et al. (2012) (Table 3.2). Each of the three parameter sets predicts dif-
ferent temperature dependent behaviour of δ1F . Parameter set one suggests that there
is very little change in δ1F as the temperature in the reaction vessel fluctuates, whereas
parameter sets two and three indicate opposite trends, with δ1F increasing and decreas-
ing with temperature, respectively. Some discrepancy may be due to variations in the
structure of the different materials, however the contrast evident in Figure 3.5 is quite ex-
treme given that each of the feedstocks share a similar lignocellulosic composition (O’Hara
et al., 2011). Any variations in experimental conditions such as temperature or acid con-
centration should not influence the rate parameters, as these are not constant in their
formulation, but rather variables that should be able to be altered without loss of accu-
racy (if the rate parameters themselves are accurate).
k0a (m
3 mol−1 min−1) k0d (m
3 mol−1 min−1) Eaa (J mol−1) Ead (J mol−1) Ref.
Set 1 (Corn Stover) 1.4× 1014 3.3× 1010 111.6× 103 95.7× 103 (Qiang et al., 2011)
Set 2 (Bagasse) 1.3× 109 1.6× 1014 82.8× 103 118.9× 103 (Lavarack et al., 2002)
Set 3 (Sweet Sorghum Bagasse) 3.53× 106 0.62 60.7× 103 14.5× 103 (Liu et al., 2012)
Table 3.2: Representative rate parameter values for the acid hydrolysis of hemicellulose with degra-
dation products.
These contradictory behaviours can be explained by considering the inverse temperature
relationship in the exponent of the Arrhenius equation. Equation 3.21 identifies the two
key relationships that govern the shape of δ1F ; the ratio of pre-exponential factors β1F ,
which determines the magnitude and high temperature limit of δ1F , and the difference
of activation energies for the scission and degradation reactions γ1F , which determines
if δ1F will be an increasing or decreasing function (as demonstrated for the general case
in Figure 3.6). The sign of γ therefore also determines whether β is a local minimum
or maximum in the high temperature limit. Figure 3.5 demonstrates the sensitivity of
the δ1F parameter to discrepancies in these pre-exponential and the activation energy
parameters. These kinetic parameters are difficult to measure, and are often determined
through a data fitting process. However, depending on the algorithm used and number
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of free parameters allowed in the fitting process, the parameter values obtained can vary
significantly. Also, parameters that return similar results when fit to a particular set of
data, such as a timeseries of yield curves, may not demonstrate the same congruence when
considered in another context (such as temperature dependence in Figure 3.5). When
parameters are determined through a data fitting process, physicality of the system is not
always explicitly accounted for.
β
T
f
(T
)
f(T ) = β exp (γ/T )
f(T ) = β exp (−γ/T )
Figure 3.6: Temperature dependence of an Arrhenius type equation, f(T ) = β exp(γ/T ), where
γ = +1 (solid) and γ = −1 (dashed).
3.4.2 Sensitivity to δ1
The parameter δ1 is the ratio of the rates of hydrolysis for aqueous and solid hemicellulose.
Figure 3.7 shows the yield curves for soluble oligomers up to five monomer units in length
in a diffusionless system (ı.e. δ2, δ2F = 0), and their dependence on the parameter δ1
(for δ1F = 1). If δ1 is unity, it represents equal rates of acid hydrolysed scission of the
solid and aqueous hemicellulose. A value of δ1 less than one indicates that scission of
solid hemicellulose is faster, and conversely δ1 greater than one suggests faster hydrolysis
of aqueous chains. We can see that varying the δ1 parameter affects the oligomer profiles
observed in the hydrolysate. If the rate of scission of aqueous chains is too fast (Figure
3.7c), all small chain oligomers become monomers so quickly that we do not see a distinct
yield of oligomers in the microscale hydrolysate. Although the reaction conditions will
influence the oligomer profile of the reaction, we would expect to observe some oligomers
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in the hydrolysate in congruence with the experimental results of Li et al. (2003) and
Yang and Wyman (2008b).
Yang and Wyman (2008b) show that at 200◦C the macroscale hydrolysate from the acid-
free hydrolysis of corn stover contains aqueous oligomers of up to thirty monomer units
in length, some in substantial quantities. We would expect this result to be magnified
on the microscale, as the microscale oligomers have yet to be further exposed to the
acid (and thus more scission) in the plant lumen before entering the bulk hydrolysate.
Such an observation is more consistent with the yield curves in Figures (3.7a) and (3.7b).
Consequently, we might expect an approximate parameter space of δ1 ≤ 1, where the
solubilised hemicellulose is harder to hydrolyse than its solid counterpart. Although we
may intuitively expect there to be greater opportunities for molecular collisions in the
solution phase, the rate of hydrolysis of aqueous hemicellulose may be affected by solute-
solvent interactions and any desolvation energies affecting the free energy of activation,
∆G‡ (Henriksen and Hansen, 2008).
3.4.3 Sensitivity to δ2
The parameter δ2 represents the ratio of the rate of diffusion of chains of length m and
the rate of hemicellulose scission.
Figure 3.8 shows changes in yield as a result of varying δ2, neglecting degradation products
(i.e. δ1F = 0 and δ2F = 0) and setting δ1 = 1 for simplicity. The absence of degradation
products implies that low yields of xylose in Figure 3.8 are equivalent to high yields of
oligomers leaving the cell wall. Changing δ2 affects the predicted oligomer profiles because
slow diffusion allows for all chains to be hydrolysed to monomers before they are removed
from the cell wall environment. Alternatively, fast diffusion means that longer chains are
removed before scission can occur.
A choice of δ2 where diffusion is favoured over scission seems reasonable given that hemicel-
lulose oligomers are measured in the macroscale hydrolysate (Yang and Wyman, 2008b).
However, a numeric value that clearly quantifies this constraint in not obvious.
3.4.4 Constrained Fitting
We have observed that variations in the magnitude of the dimensionless ratios δ1, δ1F
and δ2 can significantly influence the predicted outcomes of the mathematical model, and
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hence the validity of the model results can be compromised by inaccuracies in the input
parameters. Unfortunately, due to the difficulty in directly measuring kinetic parameters,
data fitting procedures are often used to elucidate key model parameters. As discussed
for the case of δ1F , this can lead to incongruent parameter calculations across different
experimental studies.
A potential first step to incorporating physicality into the fit of these parameters may be
to introduce a constrained fitting process. Introducing physical constraints into the fitting
process reduces the number of potential parameter choices and can ensure the resultant
parameters satisfy multiple experimentally motivated criteria.
Although the model presented in this work is formulated on the microscopic scale (for
which experimental data cannot be obtained), we believe that macroscopic data can be
used to infer information on the microscale, as the microscale is ultimately the source
of any chemical information recorded in the bulk hydrolysate and hence the two are
intimately related. Consequently, we have been able to qualitatively estimate approximate
parameter spaces for the dimensionless ratios δ1, and δ1F by comparing the theoretical
yield curves with published macroscale experimental observations. These limitations on
the parameter space provide constraints that could be implemented as part of a multi-
scale fitting process. Likewise, by experimentally investigating the relationship between
the dimensionless ratios and temperature, further limiting constraints may be obtained
regarding the β and γ parameters that govern the ratios of Arrhenius functions, such as
δ1F and δ1.
No experiments have yet been conducted by the authors to further quantify these con-
straints, since no data fitting techniques can be applied until a macroscopic scale is coupled
to the current model equations. However, it is possible that application of a constrained
parameter fit on a multi-scale model would result in less discrepancy between the param-
eters determined by different experimental studies.
3.5 Conclusions
In this work a mathematical model of the acid hydrolysis, degradation and diffusion of
hemicellulose chains within the cell wall of bagasse has been developed. This was achieved
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using a population-balance approach to describe the scission events, with careful consid-
eration given to the breakage kernel to ensure conservation of mass. Using a conservation
of volume argument, the model is able to account for the time-evolution of the material
porosity, thus accounting for solubilisation and diffusion of short chain oligomers. The
result of the model is a time-series of oligomer profiles than can be pinpointed at partic-
ular spatial locations within the cell wall, or summed over the total area to produce the
yield curves discussed throughout the paper.
Although we are unable to compare our results directly with experimental data due to the
size scale of interest, non-dimensionalisation reduces the parameter space of the equation
system to four key ratios. A sensitivity analysis of these ratios allows us to infer constraints
on our unknown parameter values, and provides a foundation for deeper consideration
of the relationship between the model parameters and the fundamental thermodynamic
processes that are occurring during acid pretreatment. As a result, we can determine that
careful consideration is required when obtaining parameter values through conventional
data fitting and that the generality and accuracy of such models may be improved if
parameters are obtained with a consciousness of the underlying chemistry and physics
of acid pretreatment. In Chapter 4, we will consider a “laboratory scale” mathematical
model of the hydrolysis of a sugarcane bagasse fibre, that can be used to address some of
these parameter fitting issues.
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Figure 3.7: Yield curves for a system without diffusion, varying δ1 (δ1F = 1). Key: Furfural
(dashed),  i = 1 (xylose), 4 i = 2, # i = 3, ∗ i = 4,  i = 5.
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Figure 3.8: Yield curves for a system with δ1 = 1, δ1F ,2F = 0, varying δ2. Key:  i = 1 (xylose),
4 i = 2, # i = 3, ∗ i = 4,  i = 5.
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Chapter 4
The Laboratory Scale: A Fibre Model of Dilute Acid
Pretreatment Calibrated to Experimental Xylooligomer
Profiles
Abstract
Acid hydrolysis is a popular pretreatment for removing hemicellulose from lignocelluloses
in order to produce a digestible substrate for enzymatic saccharification. In this work, a
novel model for the dilute acid hydrolysis of hemicellulose within sugarcane bagasse is pre-
sented and calibrated against experimental oligomer profiles. The efficacy of mathematical
models as hydrolysis yield predictors and as vehicles for investigating the mechanisms of
acid hydrolysis is also examined.
Experimental xylose, oligomer (degree of polymerisation 2 to 6) and furfural yield profiles
were obtained for bagasse under dilute acid hydrolysis conditions at temperatures ranging
from 110◦C to 170◦C. Population balance kinetics, diffusion and porosity evolution were
incorporated into a mathematical model of the acid hydrolysis of sugarcane bagasse. This
model was able to produce a good fit to experimental xylose yield data with only three un-
known kinetic parameters ka, kb and kd. However, fitting this same model to an expanded
data set of oligomeric and furfural yield profiles did not successfully reproduce the experi-
mental results. It was found that a “hard-to-hydrolyse” parameter, α¯, was required in the
model to ensure reproducibility of the experimental oligomer profiles at 110◦C, 125◦C and
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140◦C. The parameters obtained through the fitting exercises at lower temperatures were
able to be used to predict the oligomer profiles at 155◦C and 170◦C with promising results.
The interpretation of kinetic parameters obtained by fitting a model to only a single set
of data may be ambiguous. Although these parameters may correctly reproduce the data,
they may not be indicative of the actual rate parameters, unless some care has been taken
to ensure that the model describes the true mechanisms of acid hydrolysis. It is possible
to challenge the robustness of the model by expanding the experimental data set and hence
limiting the parameter space for the fitting parameters. The novel combination of “hard-
to-hydrolyse” and population balance dynamics in the model presented here appears to
stand up to such rigorous fitting constraints.
4.1 Background
Sugarcane bagasse is a promising feedstock for the production of second-generation bioethanol,
whereby the cellulosic material within bagasse is hydrolysed by enzymes to produce glu-
cose, which is subsequently fermented to produce bioethanol (Nigam and Singh, 2011;
Sun and Cheng, 2002). Bagasse fibres are structurally complex, comprised of three key
materials: cellulose, hemicellulose and lignin. Hemicellulose forms a monolayer coat-
ing around cellulose and thus inhibits the enzymatic saccharification process (Albersheim
et al., 2011; O’Hara et al., 2011). Acid pretreatment is a method of removing hemicellulose
from bagasse by hydrolysing the linkages between the monomeric units of the hemicel-
lulose polymers. This allows enzymes greater access to the cellulosic material. Ensuring
the efficiency of acid pretreatment improves the overall cost-effectiveness of bioethanol
production from second-generation feedstocks (Yang and Wyman, 2008a).
Mathematical models can prove to be useful in testing the impact of varying reaction
conditions upon a chemical system, with a significant time and cost saving compared
to experimentation. Models may also help to inform the influence that certain input
parameters and experimental conditions have upon the reaction outcomes. However, the
ability of a model to both represent the chemical and physical behaviours of a system
and to predict experimental outcomes must be carefully scrutinised. Without testing the
robustness of a model, there may be little confidence attached to its outcomes.
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A simple model of acid hydrolysis is the Saeman kinetic model in which hemicellulose is
hydrolysed to form xylose, which in turn produces its own degradation products (Saeman,
1945). A particularly enduring variation of this model was derived by Kobayashi and Sakai
in which the bagasse is portioned into two subsets, one fast hydrolysing and the other
slow to hydrolyse (Jacobsen and Wyman, 2000; Kobayashi and Sakai, 1956). Hereafter,
this model is referred to as the “hard-to-hydrolyse” model. Often an oligomeric phase is
introduced into these models, or a full oligomeric spectrum may be obtained through the
population balance framework of Simha (1941). Such models allow for the inclusion of
chain-dependent phenomena in the model, such as solubility and diffusivity. The authors
have previously incorporated diffusivity and time-dependent porosity calculations into a
population balance model of microscale acid hydrolysis (Greenwood et al., 2013). This
model was used to propose constraints on model fitting parameters but was not predictive
due to the small size scale, which limited the scope for experimental validation.
In this work, we propose a fibre scale model that marries the chain length dependency
of population balance equations with “hard-to-hydrolyse” kinetics. This new model also
accounts for the diffusion of species from within the fibre into the surrounding hydrolysate
and allows for the porosity of the material to vary temporally and spatially. The model
parameters were determined by simultaneously fitting the model to experimentally ob-
tained xylose and oligomer yield profiles (degree of polymerization (DP) 2 to 6) as well as
the yield of furfural, a degradation product of xylose. By comparing the model results to
oligomer profiles in addition to the monomer (xylose) yield curve, the variability associ-
ated with the model parameters is restricted. Hence, it is hypothesised that the resultant
parameters carry more weight than those that have not been subjected to an equivalently
stringent fitting process.
4.1.1 Model Development
Experimentally, acid hydrolysis was conducted by loading 5 g of dried sugarcane bagasse
into a 66-mL DioniumTM cell, which was subsequently filled with 0.5 wt % sulfuric acid.
To define the model domain, it is assumed that the hydrolysis of each individual bagasse
fibre in the cell is independent of any other. Hence, the simplifying assumption is made
that the hydrolysis of all the materials in the cell can be approximated by a model of
the hydrolysis of a single bagasse fibre. Thus, consider a single idealised, cylindrical
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bagasse fibre surrounded by an associated volume of hydrolysate. Since the length of a
bagasse fibre is considerably longer than its radius, it is assumed that transport in the
longitudinal direction is comparatively slow. Consequently, only the radial cross section
of the fibre and the associated region of hydrolysate is considered, as per the schematic
in Figure 4.1. We assume reaction and one-dimensional transport across two distinct
regions of the domain, the fibre (0 ≤ r ≤ Ri) and the hydrolysate (Ri < r ≤ Ro). The
fibre component of the domain is represented by an initially homogenous distribution of
lignocellulosic biomass and pores filled with an acid solution (H3O
+). Within the fibre,
the volume fraction of the solid biomass is denoted by s and the volume fraction of the
acid filled pores is labelled v. The hydrolysate contains only the acid solution and hence
in this region of the domain v = 1 throughout.
Hydrolysate
0Fibre Ri Ro
Figure 4.1: Schematic of the fibre scale domain. The domain consists of two regions, the fibre (0
< r ≤ Ri) and the hydrolysate (Ri < r ≤ Ro). Untreated bagasse SEM image (×600
magnification) courtesy of Dr. Thor Bostrom Electron Microscopy Facility and Dr.
John Knight Mathematical Sciences, Queensland University of Technology (2008).
Figure 4.2 demonstrates the reactive and transport processes included in the model,
namely the acid hydrolysis and diffusion of hemicellulose chains both within the fibre
and in the hydrolysate. Initially, all hemicelluloses are contained in the fibre as xylan
(solid chains of length m < i ≤ N). However, as scission proceeds, soluble chains of
length m or less are produced and hence able to diffuse through the fibrous material and
into the surrounding region of hydrolysate, where they may continue to be hydrolysed by
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the acid solution. The rate constants ka and kb (m
3 mol−1 s−1) represent the rate of hy-
drolysis of solid chains (i = m+1, . . . , N) and aqueous chains (i = 2, . . . ,m), respectively.
The rate of furfural production caused by xylose degradation is given by kd (m
3 mol−1
s−1). Consequently, only aqueous hemicellulose oligomers (chains of length i = 1, . . . ,m)
and their degradation products may be present in the hydrolysate. Therefore, there are
a different number of species modelled in each region of the domain as demonstrated in
Figure 4.2. The model also accounts for the change in the porosity of the fibrous material
caused by the solubilisation of solid xylan chains.
Fibre (0 ≤ r ≤ Ri) Hydrolysate (Ri < r ≤ Ro)
ka
Reactive Xylan (s)
ka
ka
Xylo-oligomers (aq)
kb
kb
Xylose (aq)
kd
Furfural (aq)
kb
Xylo-oligomers (aq)
kb
Xylose (aq)
kd
Furfural (aq)
Diffusion
Diffusion
Diffusion
Figure 4.2: Reaction pathway depicting scission of hemicellulose in the fibre and hydrolysate and
diffusion of chains from the fibre into the hydrolysate.
A discrete population balance approach is used to account for the chain degradation ki-
netics by formulating chain scission as a series of polymer degradation equations (Simha,
1941). This methodology enables hemicellulose chains of all lengths to be explicitly
counted, which allows for the inclusion of chain-length dependent solubility and diffusion
(Greenwood et al., 2013). Time-dependent polydispersity information was also collected
due to the population balance equations, which provided a more stringent set of criteria
to be used when parameter fitting the rate constants.
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In the literature, the existence of a fast and slow hydrolysing hemicellulose fraction is read-
ily observed (Jacobsen and Wyman, 2000); however, the population balance framework
does not readily allow for Kobayashi and Sakai’s separate “hard-to-hydrolyse” and “easy-
to-hydrolyse” classes to be incorporated into the model (Kobayashi and Sakai, 1956). In
order to best approximate this phenomenon while maintaining full chain length depen-
dence, it is assumed that the rate of hydrolysis of the slow component of hemicellulose
is effectively zero on the timescale of the fast hydrolysis reaction. Consequently, there
exists an unreactive portion of bagasse, (α¯(T )), and a hydrolysable portion, (1 − α¯(T )),
as an alternative to the easy and hard-to-hydrolyse kinetic model, where T represents
temperature (K). A similar parameter has been used in conjunction with the Saeman
kinetic model by Bustos et al. (Bustos et al., 2003), and Zhao et al. have developed a
parameter to represent the “potential hydrolysis degree” which is alike in interpretation
to (1− α¯) (Zhao et al., 2012). Yan et al. also use a similar ratio to describe an unreactive
component of cellulose in a model of cellulosic acid hydrolysis; however, the interpretation
of this parameter is not the same in this context (Yan et al., 2014).
The fibre model was adopted from the author’s previous cell wall acid hydrolysis model
(Greenwood et al., 2013). In this work, cylindrical coordinates were utilised (rather than
cartesian coordinates) to better represent the radial cross section of the fibre. The fibre
equation system for the region (0 ≤ r ≤ Ri) is therefore:
∂φF
∂t
= kdψH+φ1︸ ︷︷ ︸
Formation
+
1
r
∂
∂r
(
rDFeff(v)
∂φF
∂r
)
︸ ︷︷ ︸
Diffusion
, (4.1)
∂φ1
∂t
= −kdψH+φ1︸ ︷︷ ︸
Degradation
+ 2kaψH+
N∑
j=m+1
Ω1,j−1φj︸ ︷︷ ︸
Formation from solid chains
+ 2kbψH+
m∑
j=2
Ω1,j−1φj︸ ︷︷ ︸
Formation from aqueous chains
+
1
r
∂
∂r
(
rDeff(v)
∂φ1
∂r
)
︸ ︷︷ ︸
Diffusion
, (4.2)
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∂φi
∂t
= −kbψH+φi︸ ︷︷ ︸
Scission
+ 2kaψH+
N∑
j=m+1
Ωi,j−iφj︸ ︷︷ ︸
Formation from solid chains
+ 2kbψH+
m∑
j=i+1
Ωi,j−iφj︸ ︷︷ ︸
Formation from aqueous chains
+
1
r
∂
∂r
(
rDeff(v)
∂φi
∂r
)
︸ ︷︷ ︸
Diffusion
, (i = 2, 3, . . . ,m− 1,m) (4.3)
∂φi
∂t
= −kaψH+φi︸ ︷︷ ︸
scission
+ 2kaψH+
N∑
j=i+1
Ωi,j−iφj︸ ︷︷ ︸
Formation from solid chains
, (i = m + 1,m + 2, . . . , N − 1, N) (4.4)
and
v = 1−
(
Fˆ +
N∑
i=m+1
i + α¯
)
. (4.5)
where Equations 4.1 through 4.4 describe the time (t) rate of change of the volume
averaged concentrations of furfural, φF (kg m
−3), xylose, φ1 (kg m−3), aqueous oligomers,
φi i = 2, . . . ,m (kg m
−3) and reactive xylan, φi i = m+ 1, . . . , N (kg m−3), respectively.
Here, ψH+ (mol m
−3) is the effective acid concentration given by vCH+ . It is assumed
that only one mole of hydrogen ions is liberated from one mole of sulfuric acid (Harris
et al., 1984; Maloney and Chapman, 1985). The reaction rate constants ka, kb and
kd are demonstrated in Figure 4.2. The parameter Ωi,j−i is the breakage kernel (from
the population balance kinetics), and Deff(v) (m
2 s−1) represents an effective diffusion
coefficient used to account for the tortuous nature of the bagasse fibre interior. Xylan
was taken to have a maximum chain length of N = 100. Although this falls within the
range of the expected degree of polymerisation of hemicellulose (DP 80-200), the exact
choice of N = 100 was motivated by convenience (O’Hara et al., 2011) .
Arrhenius kinetics of the form:
ka,b,d = k
0
a,b,d exp
(−Eaa,b,d
RT
)
(4.6)
were used to describe the rates of reaction. A modified Stokes-Einstein approximation to
the diffusion coefficient was used for the effective diffusion coefficient, Deff(v) (m
2 s−1),
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such that:
Deff(i, v) = 
3
vD∞(i), D∞(i) =
kBT
6piηRh(i)
, (4.7)
where 3v accounts for the tortuous nature of the fibre (Cussler, 1997; Lee and Park, 2007),
kB (m
2 kg s−2 K−1) is Boltzmann’s constant, η (kg m−1 s−1) is the dynamic viscosity of
the acid solution and Rh(i) = 0.676l
√
i (m) is the hydrodynamic radius of polymer chains
of length i in solution. A detailed description of the derivation of the model and these
auxillary equations can be found in (Greenwood et al., 2013).
Equation 4.5 describes the porosity of the fibre as it evolves over time. It was assumed
that the porosity of the fibre was initially 25.4% (v/v) based on the porosity measurement
of rice hulls (Uzunov et al., 2012). Although the porosity of sugarcane bagasse has been
reported in the literature, a measure of porosity as a volume fraction is specifically required
for this model due to the volume averaged nature of the equations (Cruz et al., 2013;
Junior et al., 2013). Sugarcane bagasse and rice hulls are both lignocellulosic agricultural
residues, and hence, it is assumed that the porosity of rice hulls provides a reasonable
substitute. It is difficult to validate or reject this assumption based on the SEM image
of bagasse in Figure 4.1, since the orientation of the image and cell type featured may
distort the apparent porosity (Maziero et al., 2013). The parameters Fˆ and α¯ represent
the fixed volume fractions of lignocellulose and unreactive hemicellulose, respectively.
The unreactive portion of hemicellulose is defined such that if the initial total volume
fraction of hemicellulose is 0N (assuming an initially monodisperse state, for simplicity),
then α¯ = α¯(T )
0
N . The initial volume fractions of lignin, cellulose and xylan make up
the remaining non-porous 74.6% of the bagasse material. The initial volume fractions
of cellulose, lignin and xylan were determined so as to preserve the ratio of components
determined experimentally. Although these experiments measured the mass fraction of
each component, the composition values were assumed to be a suitable substitute for
volume fractions since the densities of lignin and hemicellulose cannot be determined.
The hydrolysate model is stated similarly to the fibre model with two notable exceptions.
Firstly, as indicated in Figure 4.2, all insoluble chains of length i = m + 1, . . . , N are
omitted. Secondly, the void volume fraction is equivalent to the total volume of the
region, as indicated in Equation (4.11).
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The hydrolysate model equations for the region (Ri < r ≤ Ro) are therefore:
∂φF
∂t
= kdψH+φ1︸ ︷︷ ︸
Formation
+
1
r
∂
∂r
(
rDF∞
∂φF
∂r
)
︸ ︷︷ ︸
Diffusion
, (4.8)
∂φ1
∂t
= −kdψH+φ1︸ ︷︷ ︸
Degradation
+ 2kbψH+
m∑
j=2
Ω1,j−1φj︸ ︷︷ ︸
Formation from aqueous chains
+
1
r
∂
∂r
(
rD∞(i)
∂φ1
∂r
)
︸ ︷︷ ︸
Diffusion
, (4.9)
∂φi
∂t
= −kbψH+φi︸ ︷︷ ︸
Scission
+ 2kbψH+
m∑
j=i+1
Ωi,j−iφj︸ ︷︷ ︸
Formation from aqueous chains
+
1
r
∂
∂r
(
rD∞(i)
∂φi
∂r
)
︸ ︷︷ ︸
Diffusion
,
(i = 2, 3, . . . ,m− 1,m) (4.10)
v = 1. (4.11)
In this work, we take the radial distance of the hydrolysate, Ro−Ri to be 2.32 times that
of the fibre length, Ri. This was determined experimentally, whereby the volume of the
hydrolysate pumped into the reactor was on average ten times the total volume of the
bagasse fibres.
At the centre of the fibre, r = 0, a no-flux boundary condition is required due to the
symmetry of the domain about this point. At the outer boundary (the outer edge of
the hydrolysate), r = Ro, a no-flux condition is again imposed, in order to represent the
closed system of the reaction vessel (all mass is expected to be contained within the fibre
and the surrounding hydrolysate). Consequently, the boundary conditions become:
∂φi
∂r
(0, t) =
∂φi
∂r
(Ro, t) = 0, (i = 1, 2, . . .m). (4.12)
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Assuming an initially monodisperse distribution of chains of lengthN , the initial condition
for reactive hemicellulose is given by:
φi(r, 0) =

(1− α¯(T ))0Nρs , if i = N
0 , if i < N.
(4.13)
In addition to those already outlined, there are five further assumptions implicit in the
model equations:
(a) Firstly, it is assumed that xylan is a suitable representative for hemicellulose since
xylose is typically the primary constituent of hemicellulose in bagasse (Gı´rio et al.,
2010). Furthermore, the xylan is considered to exist as a linear chain of xylose
monomers without any side chains or branches. This simplification was necessitated
by the use of population balances which require the probability of scission at each
chain linkage to be known. An equal probability of scission at all sites can be
assumed under the simplified conditions. It is difficult to quantify the scission
probabilities when non-homogeneities are introduced by the geometry of the polymer
and the distribution of different functional groups across the chain.
(b) Furthermore, it is assumed that the degradation products of xylose are best repre-
sented by furfural and that the further degradation of furfural can be ignored. In
support of this assumption, neither of the two prominent acid-catalysed degrada-
tion products of furfural, formic acid or levulinic acid, was recorded experimentally
during analysis of the hydrolysate (Rackemann and Doherty, 2013). Since hemicel-
lulose is approximated by linear xylan, there is no consideration for acetyl groups
in the model either (Scheller and Ulvskov, 2010).
(c) This imposes the third assumption that the acetic acid liberated from acetyl groups
in the hemicellulose does not affect the acid concentration catalysing the hydrolysis
reaction and hence can be excluded from the model equations. This assumption
is further rationalised by comparing the pKa (at standard lab conditions) of acetic
acid, 4.76, and the hydronium ion, 0.0 (Atkins and de Paula, 2006). Given that
acetic acid is the weaker acid, it suggests that equilibrium does not lie in favour of
strong dissociation of the acetic acid.
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(d) It is further assumed that the fraction of the total volume occupied by cellulose and
lignin is unchanged under the conditions of dilute acid hydrolysis. This assumption
is necessary in order to formulate the porosity equation. While it would be of merit
to incorporate the reaction kinetics of all the three key constituents of bagasse into
the model, this is again complicated by the population balances since the scission of
such a complex network of interlinking chains is difficult to conceptualise in terms
of scission probabilities and solubility. Consequently, it remains beyond the scope
of this work to model cellulose and lignin degradation.
(e) Finally, it is assumed that the domain is isothermal and isobaric. The parameters
used to produce the model results are displayed in Table 4.1.
Table 4.1: Parameter values used for fibre scale model simulation
Parameter Value Units Ref
CH+ 51 mol m
−3 -
0.5 wt %
R 8.314 J K−1 mol−1 Aylward and Findlay (2008)
Ri 3.75× 10−4 m -
DF∞ 1.12× 10−9 m2 s−1 Schramke et al. (1999)
Fˆ 0.581 - -
N 100 - O’Hara et al. (2011)
m 15 - Yang and Wyman (2008b)
kB 1.38× 10−23 m2 kg s−2 K−1 Aylward and Findlay (2008)
l 0.65× 10−9 m Weng et al. (2009)
0N 0.165 - -
The model yield was calculated by summing across all of the spatial points in the relevant
regions of the domain such that:
Yi(t) =
∑Rˆo
k=Rˆi
rkφi,k(t)∆rk∑Rˆi
k=1 rk(φN,k(0) + α¯ρs)∆rk
, (4.14)
where Rˆi and Rˆo represent the number of spatial nodes in the fibre and total domain,
respectively. Water was assumed to be in excess and was not modelled explicitly. Con-
sequently, in the model, the mass of a xylose monomer does not increase by the weight
of a water molecule when scised. In reality, the yield of xylose as a mass fraction could
be greater than 100% due to the addition of the water, and hence, the experimental
yield must be corrected as described in the Methods section. The efficacy of this model
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was determined by fitting the model yields, Yi, to the experimentally obtained oligomer
profiles.
4.2 Results and Discussion
Dilute acid pretreatments were conducted with 0.5% H2SO4 at five different temperatures
ranging between 110◦C and 170◦C. For each temperature, a time series of yields was
obtained for furfural, xylose and oligomers from xylobiose to xylohexaose (X2 – X6). The
maximum xylose yields obtained for each temperature ranged from 63.2% at 110◦C after
360 min to 92.1% obtained at 155◦C after 20 min. The maximum oligomer and furfural
yields recorded were significantly smaller than those obtained for xylose, although some
appreciable amounts of the shorter oligomer chains were recorded.
These experimental results were used to first calibrate and then validate the model pre-
sented in the Model Development section. The calibration was necessary in order to
identify suitable values for the unknown model parameters by fitting the model to the
experimental data collected at 110◦C, 125◦C and 140◦C, respectively. The hemicellulose
yields recorded at 155◦C and 170◦C were not used to fit the rate parameters and hence
do not appear in the Arrhenius plot discussed below. This is because the experimental
yields measured at 155◦C and 170◦C were compromised by the automated heating time
of the DionexTM ASETM 350. The heat up time of the solvent extractor was long com-
pared to the timescale of acid hydrolysis at these higher temperatures; hence, the yields
measured at zero static time (that is, at t = 0) were non-zero to a statistically significant
degree. Calculations exist in the literature to distinguish the yield due to the preheating
time from the true experimental yield; however, these calculations are typically based
on simpler kinetics (Carrasco and Roy, 1992a). An investigation into such calculations
for non-linear population balance kinetics may provide an interesting future course of
enquiry.
The calibration was completed using PEST, a model-independent parameter estimation
tool. We note that all of the parameters determined in this work produced models that fit
the data with an acceptable correlation coefficient > 0.97 as determined by PEST using
the algorithm defined by Cooley and Naff (1990) (Doherty, 2010). Consequently, the
correlation coefficient was not a very selective measure of the goodness of fit. Conversely,
the sum of squared residuals observed greater variation between fits, and as a result,
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is the measure used in the following discussion to demonstrate the relative fit between
the model results and the recorded data. PEST uses the Gauss-Marquardt-Levenberg
method to find values of the fitting parameters that minimise the discrepancies between
the model results and the experimental data via least squares (Doherty, 2010). The fitting
parameters obtained from this calibration exercise were used to calculate parameters for
155◦C and 170◦C without fitting.
In this model, there exist three unknown rate parameters ka, kb and kd (m
3 mol−1 s−1)
and one unknown material parameter α¯. If α¯ = 0 then there is no unreactive bagasse, and
the standard population balance equation system with no “hard-to-hydrolyse” consider-
ation is resumed. It is noted that there is also some potential uncertainty in the diffusion
coefficients which shall be investigated further below. Presently, however, existing formu-
lae and information from the literature are used to estimate the diffusion coefficients in
the model.
Firstly, consider the ability of the model to reproduce the experimental xylose profile by
fitting only the rate parameters, ka, kb and kd, assuming α¯ = 0. The dashed curve in
Figure 4.3 compares the time evolution of the yield (%) of xylose monomer as predicted
by the model to the experimental yield obtained at 110◦C. It is observed that the model
and experimental results are well correlated (Φ = 42.97). Since dilute acid pretreatment
is concerned with the removal of solubilised hemicellulose from the bagasse material, such
xylose yield curves are commonly used in the literature to describe both the efficacy of
the pretreatment and the ability of the model to accurately represent the chemical and
physical processes occurring during acid hydrolysis. However, one thing that can influence
the accuracy of parameters obtained through fitting is the number of data points used
to constrain the parameter space of the model. A model that accurately represents the
data when fitted to a large number of data points is conceivably more substantiated than
the one that fits when only compared to a small number of data points. However, when
fitting a model to a single outcome such as xylose yield, even with many data points,
we must be careful to only infer that the model accurately portrays how much xylose is
produced and not the chemical mechanism behind xylose production.
An important benefit of using population balances in the form of polymer degradation
equations is that oligomer yields can be predicted for any chain length. The stringency of
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Figure 4.3: Yield profiles at 110◦C, α¯ = 0. Model yield profiles produced by fitting to only the ex-
perimental xylose curve (dashed) and the full set of experimental xylo-oligomer profiles
(xylose, oligomers and furfural) (solid). Model results are compared to experimental
data (symbol). Key: Xylose (o), i = 2 (), i = 3 (?), i = 4 (4), i = 5 (), i = 6 (∗),
Furfural (×).
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Figure 4.4: Oligomer yield profiles at 110◦C, α¯ 6= 0. Model yield profiles (solid) compared to
experimental data (symbol). Key: Xylose (o), i = 2 (), i = 3 (?), i = 4 (4), i = 5
(), i = 6 (∗), Furfural (×).
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the fit is limited by the number of experimentally measurable oligomers in solution, rather
than the model itself. Here, an analysis of the ability of the model to compare oligomer
yield profiles for chains of length one to six, in addition to the yield of furfural over a
range of temperatures, namely 110◦C, 125◦C and 140◦C, is presented. The solid curves
in Figure 4.3 demonstrate the results of using PEST to obtain the best fit between the
model and the experimental yields of xylose, oligomers and furfural at 110◦C. In fitting
the data, ka, kb and kd are varied and α¯ is set to zero. This approach is therefore the same
as that used to fit the model to the xylose yield data without oligomers (dashed curve).
However, unlike the model fit to xylose alone, the best fit of the model when all oligomer
profiles are used in the fitting criteria does not correlate well (Φ = 1, 182) with any of
the experimental profiles. This discrepancy is clear in Figure 4.3. Therefore, even though
the model looked capable of reproducing the xylose curve, it can be seen that under a
more stringent fitting regime, the model does not accurately capture the chemical and/or
physical processes that are occurring during dilute acid hydrolysis of bagasse fibre, and
hence, its usefulness as a predictive tool would seem to be questionable.
Figure 4.3 shows that the model tends to overestimate the experimental yield when fit to
oligomer profiles. This is likely because no consideration has been given to the steric and
structural obstacles intrinsic to the bagasse material that hinder hemicellulose hydrolysis.
The existence of a fast and slow hydrolysing fraction was initially inferred from experi-
mental observations; however, the chemical cause of this phenomena has been speculated
upon. Possible sources of hemicellulose recalcitrance include interchain hemicellulose link-
ages, tethering of hemicellulose to cellulose/lignin, steric hindrance caused by branched
chains on the xylan backbone, transport limitations, and to a smaller extent, regions
of crystalline hemicellulose (Conner, 1984b; Garrote et al., 1999; O’Hara et al., 2011;
Scheller and Ulvskov, 2010). Perhaps, the most accepted hypothesis for the existence of
hard-to-hydrolyse kinetics is that portions of the hemicellulose have reduced accessibility,
particularly due to interactions with lignin (either though hemicellulose-lignin linkages or
hemicellulose embedded within the lignin framework) (Carrasco and Roy, 1992a; Conner,
1984b). This is one of the concerns that the “hard-to-hydrolyse” parameter, α¯, is able to
address as a simplistic catchall for bagasse hemicellulose recalcitrance. Figure 4.4 shows
the results of using PEST to obtain the best fit between the model and experimental
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Figure 4.5: Sample of possible yield profiles obtained from the population balance framework at
110◦C. Yield of solid chains remaining in the fibre (blue) and yield of aqueous chains
obtained in the hydrolysate (red).
oligomer yield data at 110◦C when varying four parameters, ka, kb, kd and α¯. It is ob-
served that the inclusion of the hard-to-hydrolyse parameter, α¯, results in an improved
fit between the model and the experimental data over a broad range of oligomer profiles,
where the sum of the squared residuals was reduced to Φ = 59.01 for non-zero α¯ from
Φ = 1182 when α¯ = 0. The model is able to replicate xylose and furfural profiles to a
high degree of accuracy, and it produces significantly better estimates of the longer chain
oligomer profiles in comparison to those in Figure 4.3. It is noted that there is still some
inconsistency between the model yield and the experimental yield for the longer oligomer
chains, Y4,5,6. However, this is not wholly unexpected as the effect of any experimental
error is magnified when the yields are small.
Figure 4.5 provides a sample of the model yield profiles available as a result of using
population balances with α¯ 6= 0. The ability to predict solid and aqueous profiles enables
theoretical yields modelled by polymer degradation equations to be compared against
experimental oligomer profiles obtained from the hydrolysate or experimental determina-
tions of xylan remaining in the solid depending upon the type of data available.
The fitting results for ka, kb, kd and α¯ at 125
◦C and 140◦C are shown in Figure 4.6.
The sum of the squared residuals was Φ = 99.35 at 125◦C and Φ = 318.1 at 140◦C. In
both cases, the model yield curves were closely aligned with the experimental results for
furfural, xylose and xylobiose. Similar to the 110◦C results, the model was less accurately
able to reproduce the experimental data as the yields became smaller. Despite this, the
modelled yields for chains of length three or greater were still able to approximate the
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time to extinction of each species, which was not the case in Figure 4.3 when α¯ was fixed
at zero.
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Figure 4.6: Oligomer yield profiles for α¯ 6= 0 at 125◦C and 140◦C, respectively. Model yield
profiles (solid) compared to experimental data (symbol). Key: Xylose (o), i = 2 (),
i = 3 (?), i = 4 (4), i = 5 (), i = 6 (∗), Furfural (×).
The validity of α¯ as a useful fitting tool has been demonstrated; however it is important
to determine the value of α¯ as a descriptor of the mechanisms of acid hydrolysis. There
are two possibilities to consider: firstly, that the introduction of an additional unknown
parameter improved the fit simply by increasing the degrees of freedom in the parameter
space, or alternatively that α¯ improves the fit because it broadly captures some behaviour
in the bagasse acid hydrolysis process that is influential to the yield results. To make this
distinction, the model was fit with α¯ kept fixed (α¯ = 0), but with the bulk diffusivities,
D∞ and DF∞ introduced as additional free parameters, thus increasing the number of free
parameters in the model to five. When PEST was used to obtain the best fit between the
model and experimental yield data at 110◦C where ka, kb, kd, D∞ and DF∞ were allowed
to vary, the resultant sum of the squared residuals was Φ = 1282, similar to that obtained
for the case where only three parameters ka, kb and kd were fit. Interestingly, it is observed
that this permutation of the model is not able to reproduce the experimental results with
the same consistency as the “hard-to-hydrolyse” model, Figure 4.4, despite having an in-
creased degree of freedom in the parameter space. Consequently, these results anecdotally
suggest that α¯ or some equivalent parameter that characterises the structural properties
of hemicellulose in bagasse may be needed when modelling dilute acid pretreatment.
The values of the kinetic parameters and α¯ obtained from the data fitting are collated
in Table 4.2, along with the pre-exponential factors, k0 (m3 mol−1 s−1) and activation
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energies, Ea (J mol
−1), that were calculated for ka, kb and kd from the Arrhenius plot in
Figure 4.7. The temperature dependence of α¯(T ) was obtained by fitting an exponential
curve to the α¯ values in Table 4.2, such that:
α¯(T ) = 4.1820× 109 exp (−6.0514× 10−2 T ) (4.15)
as demonstrated in Figure 4.8.
Table 4.2: Parameters determined by fitting with four unknowns, ka, kb, kd, and α¯
ka (m
3 mol−1 s−1) kb (m3 mol−1 s−1) kd (m3 mol−1 s−1) α¯
110◦C 2.06 × 10−4 1.54 × 10−5 7.96 × 10−9 0.320
125◦C 5.70 × 10−4 5.71 × 10−5 5.34 × 10−8 0.178
140◦C 1.67 × 10−2 1.30 × 10−4 2.70 × 10−7 0.0521
k0 (m3 mol−1 s−1) 1.65 × 1022 8.99 × 107 9.95 × 1012 -
Ea (J mol
−1) 1.91 × 105 9.34 × 104 1.55 × 105 -
An exponential relationship was chosen in order to ensure that the function approaches
zero asymptotically and is thus non-negative at high temperatures. This assumption is
in line with work in the literature which suggests that there is no need for separate fast
and slow kinetic pathways at high temperatures (Carrasco and Roy, 1992a). It is noted
that as temperature decreases, the magnitude of α¯(T ) increases rapidly (exponentially),
and hence, the formulation presented in Equation 4.15 is not suitable at lower tempera-
tures. Further experimentation is required to determine an expanded temperature profile
for α¯(T ), and without this information, it is difficult to assume the functional form of
temperature dependence at temperatures outside the scope of the experimental work
conducted here (110◦C to 170◦C).
In Greenwood et al. (2013) (Chapter 3) bounds were determined for the dimensionless pa-
rameter ratios, δ1, and δ1F , that arose from the non-dimensionalisation of a cell wall scale
model of acid pretreatment. These bounds were determined by qualitatively comparing
model results and experimental observations in order to provide some broad physicality
constraints on the parameter ranges. The resultant bounds determined for the dimen-
sionless ratios were δ1 ≤ 1, and δ1F ≤ 1. The equivalent ratios for the model presented
here are of the form
δ1(T ) =
kb(T )
ka(T )
, δ1F (T ) =
kd(T )
ka(T )
, (4.16)
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Figure 4.7: Arrhenius plot for ka (), kb () and kd (N).
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Figure 4.8: The “hard-to-hydrolyse” parameter, α¯(T ), over the experimental range of 110◦C to
170◦C.
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where ka(T ), kb(T ), and kd(T) are defined by the Arrhenius equation (Eqn 4.6) coupled
with the pre-exponential factors and activation energies defined in Table 4.2. Figure
(4.9) demonstrates the temperature dependent behaviour of these three ratios. It is
observed that both the δ1(T ) and δ1F (T ) ratios fall within the expected parameter space
(convincingly) across the temperature range of the experimental work presented here, and
hence these results are consistent with the results of Chapter 3. The ratio δ2 was not given
a quantitative constraint in the previous chapter and hence no comparison can be made
between the equivalent values of δ2 obtained from fitting this model and the expected
outcomes described in Chapter 3. However, given that the bound on δ2 was established
to ensure that some appreciable quantity of oligomers was present in the hydrolysate,
the fact that the parameters elucidated for the fibre model were fit to oligomer profiles
ensures this same outcome.
As discussed previously, it is difficult to experimentally determine rate parameters in lig-
nocellulosic materials at high temperatures due to the short timescales involved and the
limitations of the experimental set-up. Thus, rather than using the yield data measured
at 155◦C and 170◦C to calibrate our model, this information was used to validate the
model. To achieve this, the model was executed with the temperature-dependent pa-
rameters calculated from Equations 4.6 and 4.15 at temperatures of 155◦C and 170◦C.
The resultant model predicted yields were compared to the experimental data recorded
at these temperatures, as demonstrated in Figure 4.10.
It is observed that at both temperatures, the model predictions compare reasonably well
to the experimental results. It can be seen that the model predictions appear to be slightly
shifted (in time) to the right of the experimental results; however, this was expected given
that the long heat up time in the experimental set-up caused the experimental data to
reflect that a significant amount of hydrolysis had already occurred by t = 0.
The results in Figure 4.10 suggest that the model described in Equations 4.1 to 4.5 and
4.8 to 4.10, with boundary conditions given by Equation 4.12 and an initial condition
as specified in Equation 4.13, and with parameters from Equations 4.6 and 4.15 is a
useful tool for accurately predicting the yield of hemicellulose obtained from the acid
pretreatment of sugarcane bagasse.
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Figure 4.9: Dimensionless ratios from Equation 4.16 calculated using rate parameters obtained
for the fibre scale model by fitting to data. Greenwood et al. (2013) proposed that we
may expect bounds on these parameters for the cell wall model of δ1 ≤ 1, and δ1F ≤ 1.
4.3 Conclusions
A novel mathematical model of the hydrolysis of sugarcane bagasse has been developed in
this study that uses population balance kinetics to describe chain degradation, diffusion
to account for mass transport of soluble oligomers in solution and conservation of volume
arguments to account for the change in porosity of the fibrous material caused by the
solubilisation of solid xylan chains. Experimental yield profiles were obtained for the
dilute acid hydrolysis of hemicellulose oligomers (X2–X6) as well as xylose and furfural.
The experimental data obtained was used to calibrate the model by elucidating unknown
parameter values through parameter fitting.
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Figure 4.10: Predicted xylose, furfural and oligomer yields at 155◦C and 170◦C, respectively.
Model predicted oligomer profiles (solid) compared to heating compromised experi-
mental data (symbol). Key: Xylose (o), i = 2 (), i = 3 (?), i = 4 (4), i = 5 (),
i = 6 (∗), Furfural (×).
Careful consideration must be given to the interpretation of parameters obtained from
model fitting when only a single set of data (for example, xylose yield) is used to constrain
the fit. The robustness of an acid hydrolysis model can be determined by comparing the
model generated yield profiles to a more stringent set of fitting criteria. Such an exercise
has been undertaken in this work where the model fit was constrained by oligomer profiles
for xylobiose through xylohexaose, in addition to the typical xylose and furfural data sets.
The results showed that adapting “hard-to-hydrolyse” dynamics for a population balance
model of acid hydrolysis appears to be able to reproduce yield profiles of not only xylose
and furfural but also short-chain oligomers with some degree of accuracy. The model also
showed some predictive capability in approximating yield profiles at higher temperatures,
where the experimental data was compromised by the heating time of the experimental
equipment.
The model presented here has reproduced laboratory scale experimental results. To apply
such a model to an industrial “reactor” scale would be largely beneficial in reducing the
number of resource intensive hydrolysis experiments required to determine optimal reactor
conditions. Although the model appears to capture the chemistry of acid hydrolysis, the
industrial scale poses new challenges specific to the reactor design, and some assumptions
made at the laboratory scale may need to be revisited. Reactor scale data is needed before
any judgements can be made about scaling up this model. The applicability of the fibre
model at the reactor scale is further investigated in Chapter 5.
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4.4 Methods
4.4.1 Materials
Sugarcane bagasse was collected from Racecourse Sugar Mill (Mackay Sugar Limited) in
Mackay, Australia. Sugarcane bagasse was washed with hot water at 90◦C to remove
residual sugars to a negligible amount. The washed sugarcane bagasse was air-dried and
gently shaken on a sieve having an aperture size of 1.0 cm to remove pith, and the residues
were ground by a cutter grinder (Retschr SM100, Retsch GmBH, Germany). The milled
bagasse was screened, and particles having width range of 0.5 to 1.0 mm were collected and
stored for acid hydrolysis (Figure 4.11a). The water mass fraction of the sieved bagasse
sample was 6.3%. The mass fractions of glucan, xylan, arabinan, lignin, acetyl and ash
in the dry bagasse sample were 43.8%, 20.2%, 3.3%, 27.5%, 2.5% and 2.1%, respectively
(Sluiter et al., 2008). Sulphuric acid (98%, mass fraction), xylose (analytical standard)
and furfural (99%, mass fraction) were purchased from Sigma-Aldrich ( St. Louis, MO,
USA). Xylan oligomers standards (xylobiose, xylotriose, xylotetraose, xylopentaose and
xylohexaose) were purchased from Megazyme (Bray, Wicklow, Ireland).
4.4.2 Acid Hydrolysis of Bagasse Samples
Acid hydrolysis of sugarcane bagasse was conducted with a DionexTM ASETM 350 Accel-
erated Solvent Extractor system (Thermo Scientific, Waltham, MA, USA) as depicted in
Figure (4.11b). A glass fibre was placed to the bottom of a 66-mL DioniumTM cell (Figure
4.11c) before loading bagasse to the cell. Afterwards, the cell was loosely packed with 5.00
g of milled sugarcane bagasse (4.68-g dry mass). The cell was automatically placed to the
oven preheated to the required temperature. Dilute acid (0.5% H2SO4, mass fraction)
was pumped to fill the cell, and the reaction time was counted when the automated cell
heat up time had finished. The dilute acid volume pumped into the cell was recorded,
which varied slightly between different batches. The temperature used for acid hydrolysis
was in a range of 110◦C to 170◦C in increments of 15◦C. After hydrolysis, the cell was
purged with nitrogen for 60 s to drain the hydrolysate. The mass of the hydrolysate was
recorded. The hydrolysate was stored at −20◦C for analysis (Figure 4.11d).
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(a) Raw milled bagasse (before pretreatment) (b) DionexTM ASETM 350 Accelerated Solvent
Extractor system
(c) 66 mL DioniumTM cell (d) Samples of the hydrolysate after hydrolysis
at 110◦C
Figure 4.11: An example of the experimental acid-hydrolysis set-up.
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4.4.3 Determination of Xylose Oligomer Concentrations
High-performance liquid chromatography (HPLC) systems were used to determine con-
centrations of xylose, xylose oligomers and the xylose degradation product (furfural).
One HPLC system (Waters, Milford, MA, USA) equipped with a RPM monosaccharide
column (300 × 8.0 mm, Phenomenex, Lane Cove, NSW, Australia), a pump (Waters
1515), a refractive index (RI) detector (Waters 410) and an autosampler (Waters 2707)
was used to determine xylose in acid hydrolysed samples. The samples were neutralised
with CaCO3 prior to HPLC analysis. The temperature for both columns was 85
◦C and
the mobile phase was water, with a flow rate of 0.5 mL min−1. The other HPLC system
equipped with an Aminex HPX-87H column (300 × 8.0 mm, Bio-Rad, Richmond, CA,
USA), an integrated pump and autosampling system (Waters e2695) and a RI detector
(Waters 410) was used to determine xylose degradation product furfural. The samples
subjected to determination of furfural were not neutralised. The column temperature was
65◦C and the mobile phase was 5 mmol L−1 H2SO4, with a flow rate of 0.6 mL min
−1.
Xylose oligomers in pretreatment solution were detected by the HPLC system (Waters,
Milford, MA, USA) equipped with a Dionex CarboPacTM PA-100 column (BioLCTM 4
× 250 mm, Thermo Scientific, Waltham, MA, USA), an electrochemical detector (Waters
2465) and the pump and autosampling system (Waters e2695, Milford, MA, USA). The
mobile phase consisted of solvent A (150 mmol L−1 NaOH) and solvent B (150 mmol
L−1 sodium acetate and 150 mmol L−1 NaOH). The column was run at 30◦C with a
flow rate of 1 mL min−1 using the gradient method according to curve 6 based on the
detection waveform from Dionex Technical Note 21 (Thermo Scientific, Waltham, MA,
USA). The gradient method started at 86.7% solvent A and 13.3% solvent B (0 to 1 min).
The volume ratio of A to B was changed to 0% : 100% over 1 to 30 min, to 86.7% to
13.3% over 30 to 32 min and maintained at this ratio over 32 to 40 min.
4.4.4 Calculation of Furfural, Xylose and Xylose Oligomer Yields
The experimental oligomer yields were calculated as a mass fraction. The initial mass (g)
of xylan in the bagasse, X0, was calculated such that:
MassX0 = Xylan fraction of bagasse×Dry mass of bagasse sample. (4.17)
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The concentration (g L−1) of each oligomer (Xi) in the hydrolysate was converted to mass
(g) according to the equation:
Mass Xi(tn) = 1, 000× Concentration Xi(tn)× V (tn)× MW(Xi)−MW(H2O)
MW(Xi)
(4.18)
where V is the volume (m3) of the hydrolysate, MW represents molecular weight (g
mol−1) and tn (mins) are the discrete experimental time points. Hydrolysate volume was
converted from mass using the density of water at 25◦C, 997.047 kg m−3. Consequently,
the yield was calculated:
Yield % = 100× MassXi(tn)
MassX0
. (4.19)
Similarly, the furfural yield was calculated according to the equation:
Yield% = 100× 1, 000× Concentration XF (tn)× V (tn)×
132
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MassX0
. (4.20)
4.4.5 Numerical Methods
The model equations are formed in terms of two continuous variables (space, r, and time,
t) and one discrete variable (chain length, i). The equations were non-dimensionalised,
and a vertex-centred finite volume scheme was used to discretise the dimensionless spatial
variable, reducing the model to a system of ordinary differential equations (ODEs) in
dimensionless time (Patankar, 1980). In MATLAB, the SUNDIALS IDA solver was used
to implement the discretised differential algebraic equation (DAE) system (Hindmarsh
et al., 2005). The spatial domain consisted of 100 uniformly spaced nodes in the fibre and
250 uniformly spaced nodes in the hydrolysate. The code was vectorised for efficiency in
MATLAB, and the banded structure of the Jacobian was utilised to improve runtime and
facilitate a real-time implementation of the parameter fitting algorithm. The run time of
a single iteration of the code was a few minutes on a desktop PC.
Parameter fitting was completed using the model independent parameter estimation tool
(PEST) (Doherty, 2010). The PEST programme was used to identify values of the rate
parameters ka, kb, kd and α¯ that produce a fit of the model results to the experimental data
at each temperature. For each temperature, the unknown parameters were varied to find
the best simultaneous fit of the model yields to a series of oligomer profiles encompassing
furfural, xylose and oligomers up to six chain lengths long. The PEST inputs include a
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template file (.tpl), an input file (.inp), an instruction file (.ins), a parameter value file
(.par) and model output file (.out), which were created manually. PEST also requires a
model executable file. The observation file (.obf) and the control file (.pst) were created
using the INSCHEK and PESTGEN commands, respectively. The control file was edited
such that NOPTMAX = 30, PHIREDSTP = 0.005, NPHISTP = 4, NPHINORED = 4,
RELPARSTP = 0.005 and NRELPAR = 4 to more closely align with the recommended
control data values in the PEST manual. A relative increment of 0.01 was chosen; however,
an increment lower bound (DERINCLB) was specified for each parameter due to the
small magnitude of the parameters. The parameters themselves were given a zero lower
bound to prevent them from becoming negative, and an upper bound to prevent non-
physical values. All observation data points were given equal weighting in the least squares
calculation. Spline interpolation was used to find model values at the experimental time
points, using MATLAB’s inbuilt interp1 function. An Arrhenius plot was used to find the
temperature-dependent form of the rate parameters as discussed in the Results section,
and excel was used to find the exponential form of α¯(T ).
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Chapter 5
The Reactor Scale: Investigating Limitations of the Fibre
Model in Predicting Industrial Scale Reactor Yield Profiles
Abstract
Pilot and industrial scale dilute acid pretreatment data can be difficult to obtain due to
the significant infrastructure investment required. Consequently, models of dilute acid
pretreatment by necessity use laboratory scale data to determine kinetic parameters and
make predictions about optimal pretreatment conditions at larger scales. In order for these
recommendations to be meaningful, the ability of laboratory scale models to predict pilot
and industrial scale yields must be investigated.
A mathematical model of the dilute acid pretreatment of sugarcane bagasse has previously
been developed by the authors. This model was able to successfully reproduce the experi-
mental yields of xylose and short chain xylooligomers obtained at the laboratory scale. In
this paper, the ability of the model to reproduce pilot scale yield and composition data is
examined. It was found that in general the model over predicted the pilot scale reactor
yields by a significant margin.
Models that appear very promising at the laboratory scale may have limitations when pre-
dicting yields on a pilot or industrial scale. It is difficult to comment whether there are
any consistent trends in optimal operating conditions between reactor scale and laboratory
scale hydrolysis due to the limited reactor datasets available. Here, a sensitivity analysis is
performed on a model of the dilute acid hydrolysis of sugarcane bagasse previously devel-
oped by the authors in Chapter 4. This analysis aims to establish the relationships between
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model parameters and experimental inputs, and propose a course of laboratory or param-
eter fitting experiments that could be implemented to reduce any existing uncertainties in
the model and its parameters.
Further investigation is needed to determine whether the model has some efficacy when
the kinetic parameters are re-evaluated by parameter fitting to reactor scale data, however,
this requires the compilation of larger datasets. Alternatively, laboratory scale mathemat-
ical models may have enhanced utility for predicting larger scale reactor performance if
bulk mass transport and fluid flow considerations are incorporated into the fibre scale
equations. This work reinforces the need for appropriate attention to be paid to pilot scale
experimental development when moving from laboratory to pilot and industrial scales for
new technologies.
5.1 Introduction
Sugarcane bagasse is an abundant lignocellulosic agricultural residue that is a potential
feedstock for commercial bioethanol production (Parameswaran, 2009). Using sugarcane
bagasse to produce biofuels and other bioproducts is advantageous because it has the po-
tential to convert a low value by-product of the sugar industry into value-added products.
Also, as a residue of an existing process, sugarcane bagasse does not compete with food
crops for land/resources (Nigam and Singh, 2011).
Ethanol is obtained by the fermentation of glucose that is produced when the cellulosic
material in the sugarcane bagasse is hydrolysed, usually by enzymes. Inside the plant
cell wall, however, cellulose is not readily accessible by these enzymes as it is coated with
hemicellulose and is tethered within a lignin matrix (Albersheim et al., 2011; O’Hara
et al., 2011). Pretreating the bagasse with dilute acid removes hemicelluloses from the
cell wall and thus increases the accessible surface area of cellulose. Moreover, enzymes
have been developed to facilitate the fermentation of xylose alongside glucose to further
enhance the bioethanol yield (Lawford and Rousseau, 2002; Mohagheghi et al., 2002).
Consequently, maximising the yield of xylose obtained through hydrolysis has a two-
fold impact upon effective bioethanol production. Pretreatment contributes significant
overheads to the overall cost of bioethanol production and hence must be optimised (Yang
and Wyman, 2008a). Mathematical models such as the Saeman model or the biphasic
model are commonly used to predict the best operating conditions for maximising xylose
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yield due to dilute acid hydrolysis, thus making the pretreatment process more efficient
(Kobayashi and Sakai, 1956; Saeman, 1945). However, the validity of these models is often
tested against laboratory (bench) scale reactor data due to the resource outlay required
to obtain pilot and industrial sized reactor data. Here we investigate whether a model
capable of predicting optimal yields at a laboratory scale is capable of reproducing data
from a pilot scale reactor and thus whether such models can be used to predict optimal
industrial reactor operating conditions.
In Chapter 4, Greenwood et al. (2015a) developed a laboratory scale model describing
the dilute acid hydrolysis of sugarcane bagasse fibres. This model incorporates hydrol-
ysis kinetics, diffusion of xylooligomers, xylose, and furfural and the time evolution of
the porosity of the fibre. Hemicellulose was approximated by a linear xylan chain and
hence it was possible to capture the reaction kinetics with polymer degradation equations
(Simha, 1941), amalgamated with the hard-to-hydrolyse kinetics of Kobayashi and Sakai
(1956). Two classes of xylan were considered, solid xylan and aqueous xylooligomers.
Xylooligomers represent chains of length i ≤ m. All chains of length m+ 1 ≤ i ≤ N exist
in the solid fraction, where N is the maximum length of xylan. The dependent variables
φi (s) (i = m + 1,m + 2, N), φi (aq) (i = 1, 2, ,m), φF and v represent the concentra-
tion of solid chains of length i (kg/m3), the concentration of aqueous chains of length
i (kg/m3), the concentration of furfural (kg/m3), and the porosity of the material (the
volume fraction of the porous region of the bagasse) respectively. Importantly, in order to
approximate biphasic kinetics, we assume that some fraction of the intial material, α¯(T),
is not susceptible to hydrolysis. The derivation of the model equations and parameters is
explained in the authors previous work (Greenwood et al., 2013, 2015a) (Chapters 3 and
4). The model described in (Greenwood et al., 2015a) (Chapter 4) was shown to be able to
accurately reproduce time series of experimental short chain oligomer yield data between
110◦C and 140◦C with 0.5% (w/w) sulfuric acid. Crucially, unlike other oligomeric mod-
els of hydrolysis, this good correlation between the model and experimental xylooligomer
yields was obtained by fitting only four parameters: ka the rate of solid xylan degrada-
tion; kb the rate of aqueous xylooligomer degradation; kd the rate of xylose degradation
and α¯ the “hard-to-hydrolyse fraction. The model also demonstrated significant potential
for predicting xylose yields outside of this temperature range (Greenwood et al., 2015a).
An example of these results is given in Figure 5.1 which depicts the comparison between
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model-predicted yields and experimental xylooligomer yields at 110◦C. The model and
experimental data points in Figure 5.1 are very well correlated for xylose, and reasonably
in alignment for chains with DP 2-4.
0 70 140 210 280 350 1
2 3
4
2
4
6
8
10
time, t (min) Cha
in leng
th, i
X
y
lo
o
li
go
m
er
Y
ie
ld
%
0
15
30
45
60
M
on
o
m
er
Y
ie
ld
%
Figure 5.1: Xylooligomer and xylose yields predicted by the model of (Greenwood et al., 2015a)
at 110◦C (continuous curves) compared to experimental data (symbols). Here the rate
parameters were ka = 2.063× 10−4, kb = 1.543× 10−5, kd = 7.962× 10−9 (m3 mol−1
s−1), with α = 0.320.
Consequently, the model may be used to predict optimal laboratory scale conditions to
maximise the yield of xylose obtained by dilute acid hydrolysis. Figure 5.2 demonstrates
the xylose yields predicted by the model for a range of operating temperatures (100◦C
170◦C) and residence times (0− 120 min) where the sulfuric acid concentration was fixed
at 0.5% w/w. The highest yield of 85.1% was predicted to occur at 160◦C after 10 mins.
Reactions under 120 ◦C proved to be particularly time consuming at such a low sulfuric
acid concentration, and hence low temperatures may need to be avoided if hydrolysis is to
occur within a realistic timeframe. In general, above 120◦C there appears to be a tradeoff
between the two reactor variables studied. At longer residence times, good yields appear
to be able to be achieved even at moderate temperatures. High temperatures coupled
with short residence times seem to produce the best xylose yield results, however, at
high temperatures xylose is lost to degradation products much more quickly and thus the
reaction must be quenched expeditiously.
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Figure 5.2: Model-predicted xylose yields (%) for temperature between 100◦C and 170◦C and
residence time from 0 to 120 min, with fixed acid concentration (0.5% w/w). The
parameters ka(T ), kb(T ), kd(T ), and α(T ) were obtained using Equations (6) and
(14) of Greenwood et al. (2015).
5.2 Results and Discussion: The Reactor Scale
Schell et al. (2003) conducted dilute acid pretreatment experiments on corn stover in a
pilot scale unagitated continuous reactor. For temperatures between 165 ◦C and 195 ◦C,
sulfuric acid concentrations in the range of 0.5 1.4% (w/w) and residence times ranging
from 3 to 12 min, a maximum xylose yield of only 71% was recorded. This was in constrast
with previous batch reactor studies that found maximum xylose yields of 80-90% could
be obtained from corn stover at the laboratory scale for similar (or even less severe)
operating conditions (Esteghlalian et al., 1997; Chen, et al., 1996). Schell et al. (2003)
proposed that such discrepancies were possibly due to the comparison of different reactor
types with disparate solid loadings. However, it is also possible that there are phenomena
occurring at the pilot reactor scale that contribute to this reduced yield, that did not
exist or were minimised at the laboratory scale.
In the project reported here, we investigated the utility at the pilot scale of the model
presented in the previous section. This was achieved by comparing results predicted by
the model to two sets of pilot scale reactor data; Set A (Z. Zhang, unpublished) and Set
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B (Vasconcelos et al., 2013) (Table 5.1). Sugarcane bagasse was the feedstock for both
Set A and Set B.
The pilot scale pretreatments that compose Set A were conducted at the Mackay Re-
newable Biocommodities Pilot Plant (MRBPP), a Queensland University of Technology
facility located within the Racecourse Sugar Mill (Mackay, Australia). Pretreatments
were conducted in a 150 L stainless steel horizontal reactor (Andritz, Australia). Sugar-
cane bagasse (20 kg, ∼ 50% moisture) was mixed with ∼ 8 kg of water containing the
required amount of acid. The mixed bagasse was delivered to the pretreatment reactor
via conveyor. The horizontal reactor was preheated to the required pretreatment temper-
atures before bagasse loading. An initial biomass loading (solid dry mass/liquid mass) of
17% was used in the pilot-scale trials. The temperature of the reactor was maintained
with saturated steam (14 bar, 195 ◦C). Bagasse loading to the horizontal reactor took
between 10 and 15 min followed by injection of all the required amount of water within 2
min. Heating the reactor to the required pretreatment temperature with saturated steam
took 3 − 5 min and pretreatment temperature was maintained with steam addition. A
mixing speed of 20 rpm was used in the horizontal reaction from bagasse loading until
the completion of pretreatment.
Set A requires the model to predict the normalised composition of xylan in bagasse. The
percentage of the solid residue composed of hemicelluloses at time, t, can be calculated
from the model by the following relationship:
Composition % (v/v) =
1− ε¯v(t)− Fˆ
1− ε¯v(t) × 100 (5.1)
where Fˆ is the volume fraction of the lignocellulose component of bagasse and ¯v(t) is
the spatial average of porosity across the fibre at time, t, given by:
ε¯v(t) =
∑Rˆi
i=1 εv(ri, t)
Rˆi
(5.2)
where Rˆi represents the number of spatial nodes in the fibre. It must be noted that, in
the absence of density data for xylan and lignin, this volumetric measure of percentage
composition was assumed to be comparable with the mass composition data that was
available. Fibre size was not stated in the literature, hence it was assumed that the
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average radius of the sugarcane bagasse fibres, Ri, was 3.75 × 10−4 m in both cases, in
line with the average fibre radius of the bagasse hydrolysed at the laboratory scale (as
per the dataset in Figure 5.1).
Reactor conditions for the data in Set B are presented in the literature (Vasconcelos et al.,
2013). Set B requires that the model predict the yield of solubilised xylan, Xs (%), which
can be obtained from the expression:
Xs =
m∑
i=1
Yi (5.3)
where Yi is the yield of chains of length i in solution, as calculated by equation 4.14.
Figure 5.3 compares the bagasse composition data from Set A in Table 5.1 to the equiva-
lent model predictions after 15 minutes of acid hydrolysis. There is very little correlation
between the experimental and model results. Although there is only a small dataset to
observe, the experimental data appear to be influenced by both acid concentration and
temperature; the temperature seems to be somewhat influential in determining the maxi-
mum conversion of hemicelluloses, while both temperature and acid concentration appear
to influence the rate at which this conversion is achieved (as might be expected). The
model results do not demonstrate a dependence on concentration except at the lowest
temperature. Also, except at 110◦C, the model predicts greater hemicellulose hydrolysa-
tion than recorded. It is noted that the data in Figure 5.3 have been collected at a single
time point and hence it is difficult to make conclusions as to the temporal behaviour of
the system.
The modelled Set B values for hydrolysate solubilised are collated in Table 5.2. It can be
seen that the model substantially over predicts the yield except at the most severe reaction
conditions. The observation that the model predicted almost complete solubilisation of
xylan after only 8 minutes can likely be attributed to the fact that the rate of solid chain
degradation, ka, is quite large. It is difficult to determine whether the difference between
the predicted and experimental yields would be as dramatic if the comparison was made
between monomeric yields. Since the rate constant for aqueous chain hydrolysis, kb is
much smaller than ka, aqueous chains do not degrade as quickly, allowing for the model
to predict reasonable xylooligomer yields at the laboratory scale (as demonstrated in
Figure 5.1). It must be noted, that due to the limited reactor scale data available in
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Set A1 (Z. Zhang, unpublished) Set B (Vasconcelos et al., 2013)
T H2SO4 Xylan content of T H3PO4 Time Xylan
(◦C) (% w/w) hydrolysed bagasse (%) (◦C) (% w/v) (min) Solubilisation (%)
110 0.4 13.6 144 0.05 8 46.70
0.8 5.3 24 42.77
1.6 4.9 0.2 8 60.54
3.2 5.8 24 64.52
130 0.2 13.9 165 0.13 16 85.71
0.4 8.6 16 85.41
0.8 5.1 16 83.53
130 1.6 5.1 186 0.05 8 93.25
150 0.1 12.3 24 94.95
0.2 9.1 0.2 8 96.46
0.4 2.9 24 97.63
0.8 2.3 - - - -
Normalised Initial Compositions
G: 46.7% X: 23.6 % L: 29.7% G: 46.6% X: 31.9 % L: 21.5 %
Liquid:solid loading
6:1 (w/w) or 9:1 (v/v)2 20:1 (w/v) or 33:1 (v/v)
1 15 minute residence time for all experiments
2 Calculated assuming ρbagasse = 1.51× 103 kg m3 (Pidduck, 1955) and
ρH2O = 9.97× 102 kg m3 at SLC.
Table 5.1: Experimental results obtained from reactor scale studies of the dilute acid pretreatment
of sugarcane bagasse
T ◦C Acid (% w/w) Time (min) Xs (%)
144 0.05 8 95.24
24 95.45
0.2 8 95.45
24 95.45
165 0.13 16 98.72
186 0.05 8 99.64
24 99.64
0.2 8 99.64
24 99.64
Table 5.2: Model-predicted solubilised xylan (Xs)
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the literature, a comparison has been made here between a model that was calibrated
against sulfuric acid yields, and experimental results from the literature obtained using
a different acid catalyst, phosphoric acid. Since the catalytic effect of acid is represented
in the model by the concentration of hydrogen ions, the model does not discriminate
between different acids so long as their relative strength of dissociation is understood.
Since sulfuric acid is stronger than phosphoric acid, the presumption of full dissociation
of the first proton may not apply when modelling phosphoric acid in Set B. Consequently,
this may also contribute to the discrepancies seen between the modelled and SET B
experimental yields, however, Set A demonstrates that this is not the only contributing
factor. The results have identified three potential sources of discrepancy between the
predicted and measured results:
(1) The formulation of the model equations and the associated parameters
The model showed significant promise when compared to laboratory scale xylooligomer
data. However, the experimental data considered in this paper were concerned with
quantifying hydrolysis in measures of solid xylan (i.e. composition data and total
hemicellulose solubilised) rather than xylose yields. Although both data sets A and
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Figure 5.3: Comparison between predicted xylan content remaining in hydrolysed bagasse and ex-
perimentally measured composition data from Set A recorded at 15 minutes residence
time across 4 acid concentrations for each of the three temperatures tested, 110◦C,
130◦C, and 150◦C.
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B are limited, it does appear as though at least the solid fraction of bagasse hydrol-
yses more slowly than predicted by the model. This suggests that ka, or ka/kb may
need to be revisited (as discussed previously). However, another contributor to this
phenomenon may be the maximum chain length parameter, N , or the chain length
at which xylan solubilises, m. The longer the hemicellulose chain is presumed to
be, the faster the solid phase reactions must occur to achieve the fixed experimen-
tal xylooligomer yields. Additionally, m determines how many chains react at the
slower rate kB. Hemicellulose is quite polydisperse (O’Hara et al., 2011), and hence
there is a reasonable probability of error in the current choice of N . The sensitivity
of the model to changes in m and N is investigated in Section (5.3.2).
Since the residence times examined here were quite short, it is difficult to deter-
mine whether the model over predicts the maximum yield, or whether this yield
is just arrived at much too quickly in the model. If it is the former, it may be a
reflection of α¯(T ) underestimating the proportion of unhydrolysable bagasse. The
model uses diffusion to transport aqueous oligomers out of the fibre into the sur-
rounding hydrolysate, and in a closed system (such as this) diffusion evens out the
distribution of aqueous oligomers across the fibre and hydrolysate. Consequently, if
there is a high solids loading, diffusion may limit the yield of oligomers present in
the hydrolysate. Therefore, the relationship between α¯(T ) and the liquid to solid
loading ratio is of interest (Section 5.3.1). A better temporal experimental profile
would enhance the ability to make inferences about these behaviours.
It may also be a beneficial future exercise to refit the model parameters at the
laboratory scale, making provisions for the inclusion of an experimental xylan profile
in addition to the existing xylooligomer yields to further constrain the fitting space.
At this stage the authors do not have sufficient experimental data to complete such
an extension.
(2) Intrinsic differences between laboratory and industrial scale reactors
Another possibility is that the reactor and laboratory scale reaction environments
are so different, that it is not feasible to use a laboratory scale model to reproduce
the data. It may be possible, however, to adapt the current model to incorporate
reactor scale concerns such as fluid flow and mass transport (on the bulk scale).
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Maloney and Chapman (1985) suggested that the rate of hemicellulose hydrolysis
could be affected by transport limitations within the reacting substrate, and further
proposed models for the hydrolysis of hardwood hemicellulose that incorporate mass
transport and energy equations for three kinds of reactors, namely percolation,
continuous co-current and counter-current (Maloney et al., 1986). The rheology of
the bagasse in the reactor may also become a necessary consideration, especially
at high solids loading. A study of acid hydrolysed corn stover found that yield
stresses and plastic viscosities increased with increasing solids content (Ehrhardt
et al., 2010). Consequently, there is potential for a separate fluid flow problem
occurring at the reactor scale that should be coupled with the kinetics currently
considered, not replaced by them.
Furthermore, it is possible that a number of assumptions imposed on the laboratory
scale model will no longer be valid at the reactor scale. For example, it is assumed
at the laboratory scale that bagasse fibres are fully saturated with acid solution (i.e.
all pores are filled with acid) and hence there is excellent surface contact between
the acid and the substrate. On the reactor scale, using large quantities of acid may
become prohibitively expensive and thus, to minimise costs, increased solid loadings
may be necessary. If the acid solution is not sufficiently in excess, full saturation
of the bagasse can no longer be assumed. Furthermore, it is commonly assumed
that the reactor is thermally homogeneous, but at an industrial scale this requires
more careful consideration depending on the size, type and heating method of the
reactor.
(3) Experimental errors
It is possible that experimental error contributed to the incongruity between the
model and the data. Such errors, however, are not likely to be the primary contrib-
utor to discrepancies of the magnitude encountered. In any case, a more robust and
comprehensive data set would aid the interpretation of these discrepancies.
5.3 Sensitivity Analysis
Previously, Greenwood et al. (2015a) (Chapter 4) showed that when fitting model parame-
ters to experimental yield data, the parameter space needs to be adequately constrained in
order to elucidate meaningful rate parameters. Consequently the model was fit to oligomer
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yields (DP 1-6) in addition to the yield of furfural using the Parameter ESTimation soft-
ware PEST. Despite this, there are many factors that influence the accuracy of the fitting
procedure including the precision of the experimental results and the configuration of the
stopping critera provided to PEST. Consequently, there is always potential for some un-
certainty in the parameters of best fit. Therefore, it is imperative that the model is robust
enough that model outcomes are not completely altered by any such uncertainties. To bet-
ter characterise the robustness of the model, the sensitivity of the model to small changes
in the fitting parameters was examined. The sensitivity analysis was conducted at 140 ◦C
by changing each of the parameters ka = 1.67× 10−2, kb = 1.29× 10−4, kd = 2.70× 10−7
(m3 mol−1 s−1), and α¯ = 5.21 × 10−2 obtained by Greenwood et al. (2015a) by ± 5%
in turn. The resultant percentage change incurred in the maximum xylose yield was
recorded for each parameter variation as demonstrated in Figure 5.4. We see that the
percentage change incurred in the maximum xylose yield was small for all parameter vari-
ations, which suggests that the model is not particularly sensitive to small experimental
or parameter fitting errors.
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Figure 5.4: Sensitivity analysis examining the change in maximum yield due to small variations
in the fitting parameters.
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The parameter with the most apparent influence over the maximum xylose yield was
α¯. This might be expected, since determines the proportion of unhydrolysable bagasse,
and thus directly influences the maximum obtainable yield. However, the maximum
obtainable yield can also be influenced by the solid loading of the vessel. This is due to
the fact that diffusion smoothes out the concentration gradient, and since kd is small, the
modelled xylose concentration approaches a homogeneous steady state, i.e.
∇φi → 0. (5.4)
Therefore, at long times, the monomer concentration is effectively uniformly distributed
across the domain (barring small variations due to the degradation reaction). The solids
loading determines the volumetric hydrolysate to fibre ratio in the model, hence it also
determines the relative amounts of xylose distributed in the hydrolysate and in the fi-
bre. In the model, sugar yields are calculated based on the concentrations of xylose or
xylooligomers in the hydrolysate region and consequently the solids loading can affect
the model predicted yields. Since the hard-to-hydrolyse parameter, α¯, is determined by
fitting the modelled yields to experimental data, the values of α¯ obtained through the
fitting process can be influenced by the solids loading. This effect is likely most apparent
at high solids loading, when the relative volume of the hydrolysate surrounding the fibre
is small and thus a greater proportion of the monomer may be distributed within the fibre
pores and thus not counted in the modelled yield. The relationship between α¯ and the
liquid:solid ratio is investigated in Section 5.3.1.
The parameter that least significantly influences the maximum xylose yield is ka, the rate
of solid hemicellulose scission. Since ka is two orders of magnitude larger than the next
biggest rate parameter kb, the rate of aqueous xylooligomer scission, it is unsurprising
that it has less impact upon monomer yield, since all solid hemicellulose is hydrolysed
so quickly that small changes to ka have little impact upon the overall yields of aqueous
xylooligomers. The authors preliminary study of reactor scale data appears to imply
that the fitted ka may indeed be too fast (Greenwood et al., 2015b). Since the sensitivity
analysis infers that variations in ka had little impact upon xylose yield, it may be possible
that smaller values of ka are capable of producing reasonable model outcomes. Two
factors that may have influenced the value of ka obtained through fitting are the input
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parameters N and m, representing the maximum chain length and solubilisation length
of hemicellulose, respectively. These two parameters determine how many chains react at
rate ka versus rate kb. Their influence is further examined in Section 5.3.2.
Consequently, two cases for further investigation have been identified; 1) the relationship
between the experimental solids loading and the diffusive transport in the model (and the
impact this has upon α¯), and 2) how the fitting procedure determines rate parameters ka
and kb, given the way that experimentally determined parameters m and N influence the
rate of reaction.
5.3.1 Experimental Solids Loadings and Fitting the “Hard-to-hydrolyse” Parameter.
Often, dilute acid hydrolysis is not able to experimentally obtain high conversion rates
of hemicellulose to monomeric material. As described previously, the “hard-to-hydrolyse
parameter, α¯, and the diffusion length, determined by the liquid to solid ratio (L:S) of
biomass in the reaction vessel, effectively present competing mechanisms for modelling the
limited yields of xylose observed experimentally. While α¯ attributes these limited yields to
some aspect of biomass recalcitrance fundamental to the sugarcane bagasse material, high
solids loading (i.e. a low L:S ratio) traps a greater proportion of the aqueous oligomers
in the pores of the fibre thus limiting the apparent yield measured from the hydrolysate.
While it is likely that the combined effect of both phenomena contribute to the modelled
oligomer yields, these competing effects must be considered when α¯ is obtained from
parameter fitting, so that the true value of α¯ (independent of the experimental conditions)
is obtained in order for the model to be truly predictive.
Therefore, to characterise the change in the modelled yield exclusively due to the liquid
to solid packing ratio of the reaction, α¯ is set to zero, and kd is likewise set to zero so
that the maximum yield is determined by diffusive effects and not degradation reactions.
Figure 5.5 demonstrates how the model responds to variations in the solids loading of the
reaction vessel. As the volume of liquid in the reactor is reduced, a significant decrease
in the maximum obtainable model yield is observed. Furthermore, some simple analysis
reveals that the maximum yield is approximately determined by the relationship, Max
Yield = L/(L+S). This confirms two things: 1) the model predicted yield can be limited
by the relative volumes of the fibre and hydrolysate regions of the domain (as influenced
by the solids loading in the reaction vessel) due to the concentration smoothing effects of
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Figure 5.5: Xylose yield curves for different liquid:solid loadings with α¯ = 0, kd = 0
diffusion, and 2) the value of α¯ determined from fitting to data may not truly represent
the magnitude of the recalcitrant proportion of bagasse due to the reduction in modelled
xylose yields that can be attributed to high solids loadings.
It is important to note that this result does not suggest that α¯ can be neglected in the
model. Experimental results presented in the literature suggest that the maximum obtain-
able yield is dependent upon the reaction temperature (Aguilar et al., 2002; Greenwood
et al., 2015a; Zhang et al., 2011b; Zhao et al., 2012). However, if α¯ is excluded from
the model (as per Figure 4.2) the magnitude of the reduced yields observed due to high
solids loading does not change as temperature varies which contradicts the reality of the
experimental results. Consequently, there is certainly still a need for α¯(T ) in the model or
some other effect that describes the recalcitrance of hemicellulose to dilute acid hydrolysis
as a function of temperature.
The primary concern is that α¯(T ) may not represent the true inherent recalcitrance of
hemicellulose unless careful consideration has been given to the solids loading used to
obtain the experimental data against which the model is fit. Therefore, it is recommended
that an experimental program be conducted across a variety of temperatures for very
low solid loadings that approximate (as much as is realistically feasible) the hydrolysis
of a bagasse fibre surrounded by an “infinite” amount of hydrolysate. In such a case,
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limitations imposed upon the yield by diffusion are mitigated, enabling authentic values
of the “hard-to-hydrolyse” parameter to be determined.
5.3.2 Hemicellulose Chain Length Characteristics and the Parameter Fitting of ka and
kb.
The difference (N−m) determines how many hemicellulose chains react with rate ka, and
thus m chains react with rate kb. In the authors previous works, the parameters N = 100
and m = 15 were chosen to represent the chain length characteristics of hemicellulose. In
the literature, O’Hara et al. (2011) reported the maximum chain length of hemicelluloses
fall in the range 80 ≤ N ≤ 200, and Yang and Wyman (2008b) report that chains of
up to 30 units long can be measured in solution in various quantities, therefore m ≤ 30.
Consequently, there is some scope for alternative choices of these parameters.
In Greenwood et al. (2015a) values of the parameters ka, kb, kd and α¯ were obtained
that produced a good fit between model predicted and laboratory scale experimental
xylooligomer curves. However, the authors found that this same set of parameters did
not enable the model to predict reactor scale experimental yields of xylan remaining in the
fibre Greenwood et al. (2015b). It was hypothesised that one factor that may potentially
have contributed to this poor predictive quality was that the rate of solid hemicellulose
scission, ka, was too fast. It was further determined that since (N −m) and m determine
how many chains react at rates ka and kb, respectively, it may be of interest to investigate
how the parameters m and N influence the model results, in particular the time taken to
achieve full xylan solubilisation and maximum monomer yield.
Figure 5.6 demonstrates how variations to the values of m and N alter the modelled
yields of residual xylan remaining in the fibre and monomer yield in the hydrolysate.
From Figure 5.6 we observe that neither chain length nor the solubilisation length appear
to have a significant impact on the time taken for full xylan solubilisation (note 100%
solubilisation is not achieved in these cases because α¯ is non-zero). Nor does the maximum
chain length, N , appear to have an impact upon xylose yield production. However, the
time taken to achieve the maximum xylose yield does appear to be dependent upon the
chain length at which hemicellulose solubilises. The dependence of maximum xylose yield
on m and not N may be expected since kb is two orders of magnitude smaller than ka,
and hence kb is the limiting rate of xylose production. By increasing the number of chains
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Figure 5.6: Residual xylan and hydrolysed xylose profiles for variations in the chain length param-
eter N (fixed m), and solubilisation parameter m (fixed N); ka = 1.67 × 10−2, kb =
1.29× 10−4, kd = 2.70× 10−7 (m3 mol−1 s−1), and α¯ = 5.21× 10−2.
reacting at the limiting rate, an increase in the timescale of xylose production is intuitive.
Furthermore, Figure 5.6 infers that it is specifically the magnitude of m (and not the ratio
of m/N) that determines this crucial timescale, since when m is fixed, changing N (and
thus the ratio m/N) did not alter the maximum xylose yield.
In our previous work, the parameters ka, kb, kd and α¯ were fit so as to produce a good fit
to laboratory scale data with N = 100 and m = 15. Thus, we postulate that if m were to
be increased in the model, the rate of aqueous xylooligomer scission, kb, would need to be
faster in order to reduce the timescale of reaction and fit the data. In a scenario where
kb is increased, there may be some latitude for a reduction in ka since it is the combined
influence of these two parameters that ultimately determines the rate at which monomers
appear in solution.
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Figure 5.7: Semilog plot of the temperature dependence of the fitting parameters obtained with the
new solubilisation length, m = 30, compared to the choice of m = 15 from Greenwood
et al. (2015a).
Consequently, the parameter fitting was repeated at 110 ◦C, 125 ◦C, and 140 ◦C under the
same conditions used in Greenwood et al. (2015a) excepting the increase to the value of
the solubilisation parameter, m, from m = 15 to m = 30. The temperature dependence
of ka, kb, and kd were determined via an Arrhenius plot and the “hard-to-hydrolyse
parameter α¯ was fit to an exponential curve as per the authors previous fitting exercise.
Figure 5.7 presents a semilog plot comparing the temperature dependence of the new
fitting parameters obtained with m = 30 compared to the fitting parameters obtained
with m = 15 from Greenwood et al. (2015a).
Figure 5.7 demonstrates that the re-fitting increased all of the rate parameters across
a majority of the temperature range. The value of kb was greater with m = 30 than
m = 15 across all temperatures depicted in Figure 5.7, however, the magnitude of this
difference was small compared to the change incurred to parameters ka and kd. It must
be noted that the intersection of the old and new rates of solid hemicellulose scission, ka,
incurred at 140 ◦C is due to the maximum bound on the parameter space being reached
in both fitting exercises. The hard-to-hydrolyse parameter, α¯, was largely unaffected by
the variation of the solubilisation length.
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Therefore, although increasing m did to a limited extent result in the expected outcome
by marginally increasing kb, this did not correspond to the desired result of simultaneously
reducing ka (and in fact had quite the opposite effect). Consequently, although ascertain-
ing an accurate experimental determination of the solubilisation length may contribute to
predicting a more accurate determination of kb, it does not help to address the apparent
over-prediction of the rate of solid chain scission. Therefore, in order to establish this
parameter of concern, ka, it appears as though the best course of action would be to
obtain xylose solubilisation data (i.e. experimental data that reflects the reaction rate
of solid xylan specifically) and add this to the existing set of experimental xylooligomer
yield profiles used to constrain the parameter fitting. This would ensure that both solid
phase and solution phase kinetics explicitly contribute to determining the parameters of
best fit.
5.4 Conclusions
A model that accurately reproduces monomer and short chain xylooligomer dilute acid
hydrolysis yields at a laboratory scale was presented for comparison with reactor scale
experimental data. At the reactor scale the model was not capable of reproducing the
available experimental data. More fundamentally, this indicates that laboratory scale data
cannot be used to infer optimal industrial reactor conditions, and significant variations
in experimental yields are to be expected when scaling up technology for dilute acid
hydrolysis pretreatments.
Modelling is used to gain insight into the chemical and physical mechanisms of dilute
acid pretreatment. However, a majority of modelling activities are conducted based on
laboratory scale data. Schell et al. (2003) demonstrated that the biphasic model could be
applied at the pilot scale, when the rate parameters were obtained by fitting to the reactor
scale data. Consequently, there is potential that the model presented here would be able
to predict reactor scale yields if the parameter fitting were to be redone against reactor
scale data. However, this is undesirable since the kinetic equations of acid hydrolysis
are based on fundamental chemical interactions. Consequently, it seems misguided to
assume a different set of rate parameters for these reactions due to changes in the size
and scope of the reaction vessel despite the biomass remaining unchanged. Therefore,
it appears likely that there are new processes occurring at the reactor scale that should
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be investigated for inclusion into future models at this scale. This work reinforces the
need for appropriate attention to be paid to pilot scale experimental development when
moving from laboratory to pilot and industrial scales for new technologies.
Inaccuracies in the model parameters were also considered as a source of error when
trying to reproduce the experimental reactor yields. A sensitivity analysis of the model
was conducted, and it was determined that the model does not appear to be sensitive to
small random variations in the values of the parameters obtained through data fitting,
a first step towards ensuring that the model and its outcomes are reliable and robust.
The relationship between the rate and hard-to-hydrolyse fitting parameters and pivotal
model input parameters was investigated. This study established that the solids loading
of bagasse in the reaction vessel, and the experimentally determined solubilisation length
of hemicellulose, can influence the accuracy and interpretation of the parameters obtained
from fitting. Consequently, the sensitivity analysis was used to inform a potential experi-
mental and parameter fitting program that promotes a more robust determination of the
fitting parameters by a) conducting very dilute acid hydrolysis experiments to isolate a
true value of α¯ that is not hampered by competing mechanisms that limit xylose yield; and
b) incorporating experimental xylan composition data from the fibrous hydrolysis residue
into the dataset that constrains the fitting parameter space, so as to better resolve an
accurate form of ka.
Mathematical models of acid pretreatment are almost exclusively used to reproduce the
results of a given set of experiments. However, it has been demonstrated here that mod-
els can be utilised as a tool for actively directing experimental pathways that are better
suited to isolating and characterising the mechanistic behaviours of the reaction. Conse-
quently, rather than being considered a supplementary tool or accessory for retroactively
describing existing experimental results, mathematical modelling has greater utility when
implemented in conjunction with the development of experimental programs.
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Chapter 6
Conclusions and Further Work
This thesis has shown that mathematical models of dilute acid pretreatment, when com-
bined with constrained and carefully applied parameter fitting, can be used to both predict
laboratory scale xylose yield profiles, and, in the absence of available data at the reac-
tor scale, inform laboratory scale experimental pathways that may lead to a predictive
reactor scale model. These outcomes provide a framework for determining the optimal
reaction conditions for acid pretreatment and thus have a broader potential to help reduce
the cost of one of the most expensive aspects of commercial bioethanol production from
2nd generation lignocellulosic biomass feedstocks. In this chapter the findings and con-
clusions presented throughout the thesis as they relate to the specific research objectives
from Chapter 1 are outlined and future research directions are proposed.
6.1 Summary
The specific objectives of this thesis were outlined in Chapter 1. Our novel contributions
in addressing these objectives are described below.
Objective 1: Develop a mathematical model to describe the dilute acid hy-
drolysis of hemicellulose within the cell wall of lignocelluloses, in particular
sugarcane bagasse.
In Chapter 3, a model was developed that described the acid hydrolysed scission of hemi-
cellulose chains to form xylooligomers and ultimately xylose, the degradation of xylose
to produce furfural, solubilisation of small oligomer chains and the diffusion of these
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solubilised chains within the cell wall. In particular, this model proposed the novel com-
bination of using polymer degradation kinetics to describe the hemicellulose hydrolysis
and conservation of volume arguments to account for the time evolving porosity of the cell
wall due to hemicellulose solubilisation. In combining these two effects, the model por-
trayed the key outcomes of acid hydrolysis observed experimentally, namely, the removal
of hemicellulose and an increase in the material porosity.
Furthermore, the model was non-dimensionalised to obtain four dimensionless ratios, δ1,
δ1F , δ2, and δ2F . Since the model rate parameters cannot be measured experimentally,
these ratios can only be determined by parameter fitting. A sensitivity analysis was
conducted to determine the influence that small changes in these parameters had upon
the maximum yield of xylose observed in the hydrolysate. Experimental observations
from the literature were used to deduce constraints on the three most sensitive ratios.
Due to the cellular size scale, no experimental data was available to determine the rate
parameters, hence these constraints were proposed for reference when fitting parameters
in our subsequent laboratory scale model.
Objective 2: Obtain laboratory scale oligomer yield profiles, develop a fibre
scale model of acid pretreatment that accurately reproduces the experimental
results, and predict reaction conditions for optimal xylose production.
Chapter 4 describes the methodology by which comprehensive time series of experimental
xylooligomer and furfural yields were obtained from laboratory scale dilute acid hydrol-
ysis of sugarcane bagasse using 0.5% (w/w) H2SO4 over a temperature range of 110
◦C –
170◦C. The model presented in Chapter 3 was amended to describe the one-dimensional
radial hydrolysis of a cylindrical bagasse fibre. Like the previous model, the fibre model
incorporated chain degradation kinetics, diffusion and solubilisation driven porosity evo-
lution. However, the model was amended in two important ways: the domain was altered
to represent a fibre surrounded by an associated hydrolysate region comparable to the
experimental hydrolysate; and a simplified version of biphasic kinetics were incorporated
into the model to represent a source of biomass recalcitrance inherent to the structure of
the lignocellulosic material, in this case bagasse.
This model was characterised by four parameters: the rate parameters ka, kb, and kd
(representing traditional kinetics); and the “hard-to-hydrolyse” parameter α¯ (representing
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biphasic kinetics). The model was shown to fit well to the experimental xylose curve even
in the absence of the “hard-to-hydrolyse” parameter. However, it was determined that
it was necessary to include α¯ in the parameter fitting in order to accurately reproduce
the expanded set of experimental data points including xylooligomers and furfural yields
in addition to xylose yield. This informs us that we must be careful how we interpret
the physicality of rate parameters and not overstate their mechanistic meaning until they
have been shown to accurately reproduce all measurable outcomes of the chemistry of acid
hydrolysis. In this case, the inclusion of α¯ has extended the applicability of the model to
more accurately represent xylooligomer yields as determined by further constraining the
parameter space. General temperature dependencies of all four parameters were obtained
by extrapolating the fitting parameters obtained across at 110◦C, 125◦C, and 140◦C.
The predictive quality of the model was tested against hydrolysis data measured at 150◦C
and 170◦C respectively with promising results especially considering the extent to which
the heating time of the reactor compromised the timescale of the data observed. The
maximum model predicted xylose yields are displayed in Chapter 5 across a temperature
range of 100◦C - 170◦C and residence times of 0 - 120 mins. This model predicted that
the best yield of 85.1% xylose conversion can be obtained at 160◦C after 10 mins, however
it was noted that above a certain temperature threshold (apparently 120◦C) in general
there is a tradeoff between residence time and reactor temperature and the two must be
juggled to manage time and energy constraints, respectively.
Objective 3: Investigate the applicability of the fibre model at a reactor scale.
By re-defining the domain in Chapter 4 to represent the hydrolysis of a single represen-
tative bagasse fibre, the model was effectively modified to be independent of the reaction
vessel size. Consequently, in Chapter 5 yields predicted by the fibre model were com-
pared to reactor scale experimental data. The model was found to overestimate the
yields observed at this larger scale. Therefore, it was determined that in general, careful
consideration needs to be applied when models calibrated to laboratory scale data are
used to recommend optimal acid hydrolysis conditions for industrial applications. Poten-
tial reasons for the discrepancy in model utility across the two size scales were postulated,
particularly: that the model does not capture rate limiting phenomena specific to the re-
actor scale such as bulk mass transport considerations and unsaturated biomass effects;
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and that certain inaccuracies in the present model formulation and its parameters are
amplified when compared against reactor scale data. In this regard, it is important to
note that the reactor hemicellulose yields were largely obtained from the solid fraction
of the bagasse as opposed to the aqueous yields of the hydrolysate to which the model
was calibrated). In the absence of a more comprehensive reactor scale dataset, only the
second hypothesis was further investigated.
A sensitivity analysis was conducted and two particular sources of error were explored:
that ka is potentially too big; and that α¯ is potentially too small. It was found that the
solids loading of the reactor, accepted by the model as an input parameter, can limit
the modelled yield of monomer present in the hydrolysate and consequently can impact
the value of α¯ obtained via fitting. However, it was found that without solid phase
experimental data to further constrain the fit, changing model input parameters such
as the solubilisation length m and maximum chain length N did not help to reduce the
value of ka determined by parameter fitting, despite the fact that (N − m) determines
how many chains react at this rate.
Consequently, two experimental programs are recommended to better characterise ka and
α¯ as outlined in Chapter 5 and Section 6.2: obtain laboratory scale data regarding the
percentage of xylan that remains in the solid during the hydrolysis process; and obtain
oligomer profiles at low solids loadings to better determine the true α¯ in the absence of
competing effects. Re-fitting the parameters pending the assembly of this extra experi-
mental data would help to shape a more robust determination of the rate parameters and
help to distinguish whether the fibre model coupled with these more robust parameters
is capable of producing reactor scale results or if indeed other reactor specific effects need
to be incorporated into the model. Crucially, very little reactor scale data is available in
the literature and these experiments are prohibitively expensive and resource intensive
to perform. Consequently, the model’s ability to propose laboratory scale experiments
instead of reactor scale tests as a pathway to determining accurate fitting parameters
and therefore potentially a predictive reactor scale model is demonstrative of the model’s
true value. The model provides a pathway for investigating hypotheses regarding the
effectiveness of the fitting parameters where otherwise further investigation would be
limited by the absence of freely available reactor scale data. Therefore, the numerical
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experiments conducted with the model have elucidated a cost-effective means of working
towards predicting optimal conditions at the reactor scale.
Objective 4: Address inconsistencies in parameter interpretation evidenced
in the literature
In Chapter 3, by comparing ratios of rate parameters collected form the literature, we
discovered that inconsistency exists regarding the temperature dependence of the relative
magnitudes of these parameters. In order to reduce such inconsistencies in our parameter
fitting results, we used information from the literature to qualitatively determine broad
expected parameter bounds for the population balance model presented.
In Chapter 4 it was shown that fitting to only the xylose curve does not ensure that
the parameters obtained actually represent the physical and chemical realities of acid
hydrolysis. By constraining the fit further with xylooligomer and furfural yield curves
(which increased the available dataset six-fold thus constraining the model with several
hundred experimentally determined points), we were able to determine a parameter set
that better represented the kinetics of xylooligomer formation and biomass recalcitrance.
Additionally, the ratio of the rate and diffusion parameters obtain through fitting and from
the literature, respectively, were found to exist within the bounds suggested in Chapter
3.
It was apparent, in Chapter 5 that the values of ka and α¯may be improved if the parameter
space is even further constrained both by introducing additional data into each fit (such
as yields representing the xylan remaining in the solid fibrous residue) and by introducing
additional fitting experiments (such as hydrolysis in vessels with very low solids loadings).
Consequently, this thesis has shown that inconsistencies in parameter determination
can be addressed by imposing stricter conditions on parameter fitting activities and by
analysing the model to propose experimental programs that can help elucidate more ro-
bust parameters.
The next section outlines some avenues for further work that may complement and extend
the outcomes presented in this thesis.
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6.2 Further Work
A number of potential future research directions that would complement the work pre-
sented in this thesis are outlined below.
The laboratory scale
Conduct the experiments suggested in Chapter 5 and re-fit the rate parameters
In Chapter 5 it was recommended that two additional sets of data should be collected in
addition to the xylooligomer profiles examined here:
(1) Yield profiles for hydrolysis conducted under very dilute conditions.
This data would provide a means by which to better characterise α¯ as a structural
parameter, without interference from diffusion homogenising effects particularly ap-
parent at high solids loadings.
(2) Compositional analysis of the solid fraction of hydrolysed bagasse to determine the
percentage of xylan that remains in the fibre.
Such measurements appear to be necessary for imposing further constraints on the
fitting of the rate constants, in particular ka. Understanding whether the labora-
tory scale model can be used to accurately determine the rates of both the solid
and aqueous phase reactions is crucial to determining whether the model truly rep-
resents the mechanisms of acid hydrolysis or merely describes the solution phase
experimental observations.
Expand application of the fibre model to different feedstocks and different acid
types/concentrations
Once a methodology for determining meaningful fitting parameters has been established,
the model can be used to describe the acid hydrolysis of a diverse range of feedstocks over
a diverse range of experimental conditions. The model is considerably versatile in that it
accepts a significant number of input parameters that should be sufficient to characterise
the different lignocellulosic compositions of a variety of feedstocks subjected to assorted
reactor conditions (designated by the combination of temperature, acid concentration and
residence times).
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The benefit of comparing the model to different feedstocks and acid concentrations is
twofold:
(1) We have characterised the “hard-to-hydrolyse” parameter, α¯, as a structural char-
acteristic of the biomass feedstock. Consequently, this parameter (and not the rate
parameters that should apply across all biomass acid hydrolysis) should change as
the feedstock varies. It would be informative to investigate whether the model can
reproduce experimental yield profiles across different feedstocks fitting only this
one structural parameter. Furthermore, it may be insightful to look for trends in
the variation in α¯ observed given the different lignocellulosic compositions of the
feedstocks tested.
(2) Should α¯ be characterised for a range of biomass materials, the existence of a gen-
eralised non-feedstock specific model would contribute significantly to the ease of
identifying the best possible combination of reactants and reaction conditions for
optimal xylose conversion. By facilitating such comparisons, a generalised model
would also simplify economic feasibility studies.
The ability to implement any of these comparisons is limited by the availability of exper-
imental data for each of the feedstock types and/or reaction conditions investigated.
Consider a branched chain, copolymer structure for hemicellulose
In support of exploring the applicability of the model to different feedstocks, it may be in-
formative to re-evaluate the way in which the model deals with the structural composition
of the hemicellulose itself. The current model makes the assumption that hemicellulose
can be approximated by a linear, unbranched xylan chain. Although this approximation
has proven to be somewhat sufficient in reproducing xylose yields, it limits the considera-
tion of several other byproducts of bagasse acid hydrolysis that originate from within the
hemicellulose backbone. The challenge here surrounds the nature of the polymer degra-
dation equations and the difficulty of reconciling this mathematical framework with the
complex structural reality of hemicellulose. One potential avenue of investigation may be
to use statistical arguments where the probability of classifying any given chain element is
informed by the percentage of each co-product observed experimentally in the hydrolysate.
However, this strategy is only appropriate if hemicellulose is a true random copolymer,
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the determination of which presents another obstacle. Furthermore, in approaching such
changes to the model, careful consideration must be given to the potential re-definition
of the scission probabilities and the sorting of chains using chain length arguments.
Construct a two-dimensional model that considers transport effects through the fibre in
the axial direction
In this work, a one-dimensional model of reactive mass transport across the radial axis
in a bagasse fibre was considered. This modelling choice was motivated by the fact that
the length scale of a fibre is long compared to its radius, thus making the time scale
of mass transport comparably slow. Furthermore, the main reactions occur within the
bagasse fibrous material where movement in the axial direction is implausible. However,
these assumptions may not be appropriate for all feedstocks (particularly those that are
very coarse of very fine) and thus in order to better characterise the mass transport
of solubilised hemicellulose particles it may be beneficial to consider this second axial
dimension. Expanding the model may impact upon the parameters obtained through the
fitting process, and help to reduce noise in approximating their true values.
The Reactor Scale
Obtain a comprehensive reactor scale dataset
It is difficult to model reactor scale hydrolysis results when the sources and scope of avail-
able data are limited. Ideally the rate parameters and material parameter, α¯, should not
be subject to parameter fitting at this scale since they describe intrinsic properties of the
biomass and acid hydrolysis reaction regardless of reactor size. Consequently, detailed
xylooligomer yield profiles are likely not necessary at this scale. Despite this, yield infor-
mation for both the solid fraction and hydrolysate should at least be characterised across
numerous time points for a variety of temperatures and acid concentrations. Collection of
this data would facilitate a better understanding of the sources of inconsistencies between
the laboratory scale model and provide a foundation for attempting to elucidate new
phenomena occuring at the reactor scale and how such phenomena may be influenced by
operational parameters like temperature and acid concentration.
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Develop an effective reactor scale model of dilute acid pretreatment
Developing an accurate (and predictive) reactor scale model of dilute acid hydrolysis is
a broad avenue of potential research. While the existing model likely retains some value
at the reactor scale, it is possible that it may not be sufficient to independently describe
the observed experimental results. Potential avenues of investigation at the reactor scale
include:
2 The wettability and saturation of the feedstock
On a commercial scale the volume of acid used should be minimised in order to
reduce production costs and hence full saturation of the material can no longer be
assumed.
2 Fluid flow and mixing properties of the reactor
As described in Chapter 5, the interaction between fibres was not considered and
hence the model did not incorporate bulk fluid effects such as diffusion, or advection,
nor did the model consider mixing effects or the rheology of the conglomeration of
fibres in the reactor (which may be important at high solids loading).
However, as described earlier, without a comprehensive reactor scale dataset it is difficult
to quantify the complexities of the commercial reactor.
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List of Symbols and Abbreviations
Roman
CH+ (mol m
−3) Concentration of acid in the solution
D∞ (m2 s−1) Bulk diffusion coefficient of hemicellulose chains
DF∞ (m2 s−1) Bulk diffusion coefficient of furfural
Deff (m
2 s−1) Effective diffusion coefficient of hemicellulose
DFeff (m
2 s−1) Effective diffusion coefficient of Furfural
Ea (J mol
−1) Activation energy
Fˆ - Volume fraction of cellulose and lignin
GHG - Green house gas
k0 (m3 mol−1 s−1) Pre-exponential factor
ka (m
3 mol−1 s−1) Rate of scission of solid hemicellulose
kb (m
3 mol−1 s−1) Rate of scission of aqueous hemicellulose
kB (m
2 kg s−2 K−1) Boltzmann constant
kd (m
3 mol−1 s−1) Rate of degradation of xylose to produce furfural
l (m) Length of a xylose monomer
L (m) Length of the cell wall
LCA - Life cycle assessment
m - Chain length at which oligomers become soluble
MW (g mol−1) Molecular weight
N - Degree of polymerisation of hemicellulose (max. chain length)
r (m) Spatial variable
R (J mol−1 K−1) Gas constant
Re (m) Hydrodynamic radius of polymer chains
Ri (m) Radius of the fibre
Rˆi - Number of spatial nodes in the fibre
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Ro (m) Total radius (radius of fibre and hydrolysate combined)
Rˆo - Number of spatial nodes in the total domain
SSA (m2) Specific Surface Area
t (s) Time
T (K) Temperature
V (m−3) Volume
x (m) Spatial variable (cell wall scale)
Yi - Percentage yield of aqueous chains of length i collected in
the hydrolysate
Greek
α - “Hard-to-hydrolyse” portion of bagasse hemicellulose
δ - Dimensionless ratio
α - Volume fraction of unreactive hemicellulose
s - Solid volume fraction
v - Void volume fraction (porosity)
η (kg s−1 m−1) Viscosity of acid
ρF (kg m
−3) Density of furfural per volume of solution
ρi (kg m
−3) Density of aqueous hemicellulose chains per volume of solution
ρs (kg m
−3) Density of solid hemicellulose chains
Φ - PEST sum of squared residuals
φF (kg m
−3) Effective density of furfural
φi (kg m
−3) Effective density of hemicellulose chains
ψH+ (mol m
−3) Effective concentration of acid
Ωi,j−i - Breakage kernel
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